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Introduction

This is the first edition of the LM Playschool Workshop, co-located with the 2026 Conference on Empi-
rical Methods in Natural Language Processing on October 28, 2026 in Budapest, Hungary.

The LM Playschool Workshop aims to bring together researchers interested in language learning
from social interaction in conversational, collaborative, task-oriented, multi-turn environments. Relevant
research strands include: language games as a means of evaluating large language models and their ability
to use language in interaction; connections between human language acquisition and machine language
learning, with a particular focus on the role of social interaction in data-efficient learning; game-based
and interactive environments for training large language models.

The workshop hosts a shared task, the LM Playschool Challenge. The shared task focuses on training
collaborative, goal-oriented language agents through language interaction data. Submitted systems are
evaluated for their ability to generalise to unseen “dialogue games”, i.e., goal-oriented tasks governed
by multi-turn language interaction, as well as on traditional single-turn NLP benchmarks and cognitive
tests.

We received 19 submissions across the three submission routes and accepted 14 papers: 6 to the main
workshop track, 2 committed through ACL Rolling Review, and 6 shared task system descriptions.

The LM Playschool Workshop Organizing Committee: Alessandro Suglia, Mario Giulianelli, David

Schlangen, Raffaella Bernardi, Raquel Fernandez, Sherzod Hakimov, Sabrina McCallum, Davide Maz-
zaccara, Dieu-Thu Le, Oliver Lemon, Alexander Koller
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Keynote Talk
On Causal & Social World Models in Language Models

Michael Franke
University of Tiibingen

2026-10-28 — Time: 09:15 - 10:00

Abstract: Recent works have suggested that “world models” emerge in large language models as a side
effect of the compression necessary for their high performance on the language modeling task. While
robust evidence for such world models exists for relatively simple (e.g., finite-state) problems, it re-
mains unclear whether we should expect LMs to also evolve (veridical / human-like) world models for
human-relevant but highly abstract latent variables such as causal information, discourse states, or social
cognition. I discuss in-principle considerations based on an augmented optimal learner approach that
also takes architectural constraints of the learning system into account. This architecturally-constrained
efficiency approach predicts that abstract function-sharing can be a reason for emergent representations
of the causal data-generating process. To explore these predictions, I discuss two case studies, one on
function-sharing between Theory of Mind reasoning and pragmatic reasoning in large language models,
and one on the emergence of generalizable Bayesian inference of common causes in small transformers.

Bio: Michael Franke is a computational cognitive scientist, appointed as Professor of Pragmatics and
Linguistics and coopted as a Professor of Computer Science at the University of Tiibingen and head of
the Cognitive Science & Pragmatics Lab. He is interested broadly in reasoning and language use in hu-
mans and machines. His work uses statistical, cognitive and evolutionary modeling, human-experimental
methods, and simulation experiments. He is also interested in foundational questions concerning the re-
lation between empirical data, abstract theory and explicit mathematical modeling. Currently, he is the
coordinator of the DFG-funded Priority Area LaSTing and a co-speaker of the DFG-funded CRC Com-
mon Ground.
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Keynote Talk
Learning to Interact, Interacting to Learn

Abdellah Fourtassi
Aix-Marseille University

2026-10-28 — Time: 11:00 — 11:45

Abstract: As children learn to coordinate turns, produce contingent responses, and use multimodal be-
havior, they become increasingly active participants in linguistic interaction. Their participation changes
the evidence available to them. It elicits adapted input, feedback, alignment, and repair, which crea-
te new opportunities for learning. Interaction therefore provides a context in which different learning
signals arise and become informative.

I present empirical and computational studies of this relationship. I use large-scale analyses of natura-
listic child—caregiver interaction to examine the development of turn-taking, response contingency, and
multimodal coordination. I then present work using child-like LMs and reinforcement learning to test
whether and how different forms of naturally occurring feedback contribute to language learning.

This developmental perspective argues that learning to interact and acquiring functional linguistic know-
ledge are coupled objectives. It has implications for machine language learning, particularly for how
models can ground their acquired knowledge in situated language use and shared goals.

Bio: Abdellah Fourtassi is an Associate Professor of Computer Science at Aix-Marseille University and a
researcher at the Institute of Language, Communication and the Brain. His team studies how multimodal
interaction shapes language learning. His research draws primarily on machine learning theory and
methods to study human language development.
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Keynote Talk
Language Learning through Social and Embodied Experience

Joyce Chai
University of Michigan

2026-10-28 — Time: 14:00 — 14:45

Abstract: Human language learning is shaped by social and embodied experience. Through social
interaction, we acquire the use of language from communicative context, and through sensorimotor ex-
perience with the physical world, we learn words that are grounded to perception and action. In this talk,
I will discuss several studies in my lab that explore social and embodied context for language learning
and grounding. I will introduce an interactive learning paradigm and show how demonstrations and cor-
rective feedback from teachers and active trials from students can facilitate efficient word learning in
language models.

Bio: Joyce Chai is a Professor in the Department of Electrical Engineering and Computer Science at the
University of Michigan. Her research interests span from natural language processing and embodied Al
to human-Al collaboration. Her current work explores the intersection between language, vision, and
action to enable situated communication with embodied agents. She is a recipient of the NSF Career
Award and multiple awards with her students (e.g., Best Long Paper Award at ACL 2010, Outstanding
Paper Awards at EMNLP 2021 and ACL 2023, and First Place in the Amazon Alexa Al Simbot Challenge
2023). She is a Fellow of ACL.
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Keynote Talk
Data Efficiency in Children and Language Models

Michael C. Frank
Stanford University

2026-10-28 — Time: 16:00 — 16:45

Abstract: Large language models show intriguing emergent behaviors, yet they receive at least three to
four — and sometimes as much as six — orders of magnitude more language data than human children.
What accounts for this vast difference in sample efficiency? I will describe steps towards a paradigm in
which we can address this question. In particular, I’ll discuss the use of egocentric video (‘“baby head-
cam”) data for model training, and the use of developmental data for model evaluation. This paradigm
provides a model-based framework for exploring the nature of children’s early data efficiency.

Bio: Michael C. Frank is Benjamin Scott Crocker Professor of Human Biology in the Department of
Psychology at Stanford University and Director of the Symbolic Systems Program. He received his
PhD from MIT in Brain and Cognitive Sciences in 2010. He studies children’s language learning and
development, with a focus on the use of large-scale datasets to understand the variability and consistency
of learning across cultures. He is a founder of the ManyBabies Consortium, and has led open-data
projects including Wordbank and the ongoing LEVANTE project. He has received awards including the
Troland Award from the National Academy of Sciences and the FABBS Early Career Impact award. He
served as President of the Cognitive Science Society, has edited for journals including Cognition and
Child Development, and is current co-Editor in Chief of the Open Encyclopedia of Cognitive Science.
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Beyond Sally-Anne: Evaluating Theory of Mind in Large Language Models
using Epistemic Schelling Points

Roberta Rocca', Sami Boukortt!, Geoff Keeling"*, Winnie Street!”
!Google, Paradigms of Intelligence Team, “Joint last authors

Correspondence: robertarocca@google.com

Abstract

Text-based evaluations of Theory of Mind
(ToM) in Large Language Models (LLMs) of-
ten involve cognitive tests akin to the Sally-
Anne task that can be gamed due to exposure
to relevantly similar tasks in pre-training and
do not obviously test models’ functional ToM
abilities in ways that generalize to naturalistic
settings. To address these issues, we introduce
the Epistemic (A)symmetry Schelling Task
(EAST), a two-player dialogue game designed
to benchmark robust and generalizable ToM
abilities. By requiring LLM-LLM dyads to in-
dependently converge on semantic Schelling
points under varying states of epistemic trans-
parency, we evaluate whether models can ro-
bustly apply ToM to achieve coordination. Our
results reveal a significant capability gap in
functional social reasoning, with only fron-
tier models successfully navigating the varying
epistemic demands of the tasks. Analysis of
reasoning traces shows that coordination fail-
ures are primarily driven by epistemic tracking
errors, such as conflating private knowledge
with mutual knowledge. Despite high perfor-
mance on traditional static benchmarks, our
study shows that robust social reasoning and
epistemic tracking remain a critical bottleneck,
providing concrete targets for future LLM eval-
uation and development.

1 Introduction

Theory of Mind (ToM) — the ability to predict
and explain behaviour via the attribution of mental
states — is a central determinant of human social-
ity and cooperation (Wimmer and Perner, 1983;
Premack and Woodruff, 1978). As Large Language
Models (LLMs) are increasingly deployed in so-
cial settings, acting as tutors, coaches and personal
assistants, evaluating their ToM capabilities has be-
come a key research priority (Strachan et al., 2024;
Kosinski, 2024; Sap et al., 2022).

While LLMs have exhibited strong performance
on these tasks (Kosinski, 2024; Street et al., 2025),

1

many evaluation paradigms principally rely on
static question-answering tasks, such as the Sally-
Anne false-belief task, adapted from human cogni-
tive psychology (Wimmer and Perner, 1983; Baron-
Cohen et al., 1985), as well as narrative-based
benchmark suites (He et al., 2023; Gu et al., 2024;
Gandhi et al., 2023; Chen et al., 2024; Sclar et al.,
2025; Xu et al., 2024; Liu et al., 2025). Despite
their increased scale and complexity, these tasks
are subject to non-trivial methodological concerns
(Riemer et al., 2024; Le et al., 2019). First, LLMs
may be able to “game” these tests due to exposure
to relevantly similar tasks in pretraining (Ullman,
2023; Shapira et al., 2024). In particular, it may be
that LLMs employ information such as task struc-
ture and other linguistic cues as opposed to the
relevant mental state information to solve the task.
Hence successful performance of the task may not
be indicative of ToM having been employed. Sec-
ond, where ToM inferences have been made, the ro-
bustness of the inferences is often left unaddressed.
For example, it is unclear whether the ToM infer-
ences employed accurately track the mental states
of the target, and whether models are able to co-
herently use such inferences to make contextually
appropriate decisions. For these reasons, it remains
unclear whether performance on traditional ToM
benchmarks comprehensively assesses the capacity
for robust, generalised, interactive social reason-
ing (Ma et al., 2023), in text-based or embodied
settings (Juneja et al., 2026; Fan et al., 2025).

To address these issues, we introduce the Epis-
temic (A)symmetry Schelling Task (EAST): a
simple, text-based two-player coordination game
(Agashe et al., 2023) that benchmarks models’ abil-
ity for cognitive ToM — that is, inference over cogni-
tive mental states like beliefs and intentions. EAST
is a one-shot game in which two LLM agents, each
prompted with a distinct persona, are presented
with a set of four words — two prototypically re-
lated to each of the two player’s personas, one

The Proceedings of Improving Language Models through Learning from Dialogue Game Interaction, pages 1-18
October 28, 2026 ©2026 Association for Computational Linguistics
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Scenario

& P1 Persona:
,;,, P2 Persona:
i= Word Set:

4D Epistemic Condition:

A bespoke tailor

A general surgeon

{fabric, scalpel, stitches, bicycle}
Asymmetric

v

.?. Player 1

Your persona: A bespoke tailor

The other player is: A general surgeon.
They DO NOT know who you are.

Choose the EXACT SAME WORD

as the other player.

Words: scalpel, fabric, bicycle, stitches

£
The other player is a surgeon and
doesn’t know who I am. I cannot use a
term related to my job, I’11 pick one
related to their job. I choose scalpel

g

L?,, Player 2

Your persona: A general surgeon

You DO NOT know who the other player is.
However, they know exactly who you are.
Choose the EXACT SAME WORD

as the other player.

Words: scalpel, fabric, bicycle, stitches

v
I don’t know who they are, but they know
I am a surgeon. They will expect me to Qo
choose a term related to surgery based o

on my known persona. I choose scalpel.

Figure 1: Example of the game dynamics for an EAST game in the Asymmetric condition. Prompts are simplified
for illustration purposes. See Appendix for the full prompts.

more loosely related to both, and an unrelated high-
frequency word — and must try to select the same
word without communicating. To succeed at the
task, the LLMs must identify a contextually appro-
priate “Schelling point” based on what they know
about their partner’s identity and epistemic state.
To perform this task, models need to be able to
accurately track the other player’s identity and epis-
temic states, and to infer which word represents
the most salient focal point from their partner’s
uniquely constrained perspective.

By varying the levels of epistemic transparency
between players — specifically, whether players pos-
sess symmetric, asymmetric, or no knowledge of
each other’s identities — EAST tests models’ abil-
ity to perform robust social inference and achieve
normative convergence under different cognitive
demands. In the Symmetric condition, mutual
knowledge of the other player’s identity allows
models to coordinate via a shared semantic focal
point. In the Asymmetric condition, only one of
the players is revealed the identity of the other
player. This divergence in epistemic states re-
quires the “knowing” player to model the “blind”
player’s ignorance to avoid selecting a self-relevant
word, while the blind player must anticipate their
partner’s capacity for accommodation. Finally, in
the Zero Knowledge condition, neither player pos-
sesses information about their partner’s identity.
Here, successful coordination requires models to
recognise this mutual epistemic deficit. Conse-

quently, to achieve coordination, players must sup-
press persona-driven associations and converge on
an identity-independent focal point. Through these
manipulations, the paradigm requires models to ac-
tively track and adapt to these varying epistemic
states and cognitive requirements, rather than rely-
ing on default linguistic patterns or memorisation
of schematic narrative patterns that feature in Sally-
Anne type tasks seen at pretraining.

We evaluate a suite of LLMs on EAST, including
a frontier model and highly capable open-weights
models of sizes varying between 1B and 31B pa-
rameters. Our study shows significant gaps in in-
teractive social reasoning capabilities across the
model landscape. We find that only frontier mod-
els successfully navigate the task’s social reason-
ing demands, with weaker models systematically
failing in the more cognitively taxing Asymmet-
ric and Zero-Knowledge conditions. Furthermore,
we demonstrate that a primary driver of models’
failures is epistemic tracking errors: models fail to
accurately represent and use epistemic and meta-
epistemic information provided in the prompt, of-
ten conflating their own knowledge with their part-
ner’s. Taken together, our findings suggest that
robust epistemic reasoning and social inference re-
main critical frontiers for LLM development.

Our main contributions can be summarised
as follows. @ We introduce the Epistemic
(A)symmetry Schelling Task (EAST), a simple
text-based multi-agent benchmark that mitigates
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Figure 2: Coordination rates across all conditions and prompt types for all models tested. Solid bars show
convergence on expected (normative) outcomes. Colours display the convergence mode (which word models have

successfully converged on). Hatched bars show “accidental” convergence on non-normative outcomes. Models are
sorted by average performance across all conditions and scenarios (best models at the top).

pre-training contamination and evaluates robust so-
cial reasoning under varying epistemic constraints
and cognitive demands. @ We benchmark a di-
verse suite of LLMs, ranging from 1B to 31B open-
weights models to state-of-the-art frontier models,
revealing a significant capability gap in robust so-
cial reasoning. @ Through analysis of model rea-
soning traces, we identify that a primary bottleneck
in LLM social coordination is severe epistemic
tracking errors. @ We point to epistemic robust-
ness — the capacity to maintain robust represen-
tations of the epistemic states of individuals and
to decouple them from one’s own — as a concrete
target for future model evaluation and alignment,
providing actionable insights to improve LLMs’ ca-
pacity for robust social reasoning. Note that, while
here we present a first consolidated iteration on the
paradigm, we plan to scale the paradigm and the

analytical workflow in future work.

2 Methods

2.1 Scenarios and Game Objectives

Two LLMs play the Epistemic (A)symmetry
Schelling Task (EAST) in 10 scenarios, each pre-
sented under three Epistemic Conditions and three
Prompt Variations. In each scenario, we instantiate
each LLM with a simple persona (a profession)
which is intended to prime their semantic prefer-
ences. Based on the two personas, we dynamically
generate a set of four words: W = {w,,, wp,, ws,
Wy, }, such that:

* w), is semantically related to Player 1’s persona;

* wp, is semantically related to Player 2’s persona;

* w; is semantically related to both players, but
less prototypically than w), and w,,;
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Figure 3: Type and quality of reasoning strategies used by models in cases where successful coordination on
expected normative outcomes is achieved. The first four columns represent the proportion of reasoning traces in
matching trials that exhibit each type of reasoning strategy. The last column (in red) displays which proportion of
traces involving any ToM-based inference is incoherent with information provided in the prompt. Hatched rows
represent cases where no normative matches are available. Models are sorted in descending performance order.

* w, is a highly frequent word unrelated to either
persona.

Scenarios are generated by Gemini 3.1 Pro, and
an example is given in Figure 1 (see Appendix for
full list of scenarios).

Models are instructed that their goal is to select
the same word from this list as the other player,
without communicating. The list is presented to
each player in randomised order, and without any
information on the logic underlying the choice of
words.

2.2 Epistemic Conditions

We run each scenario under three epistemic condi-
tions that place increasing demands on the models’
capacity for epistemic tracking and social reason-
ing. For each condition we identify a priori require-
ments for normatively robust convergence.

In the Symmetric condition, both models are
disclosed the persona of their co-player. We ex-
pect that a rational agent would select w,. Choos-
ing player-specific words risks coordination failure,
whereas w; represents the natural Schelling point
that avoids symmetry-breaking decisions between

wp, and wp,. The minimal cognitive requirement
is first-order goal comprehension and semantic rea-
soning: the model must suppress the tendency to
select its own persona-word, and instead identify
the word that maximises semantic overlap between
the two identities. But while success in this condi-
tion can be shallowly achieved without Theory of
Mind and without the ability to separate representa-
tions of one’s own and the other player’s epistemic
states, explicit mutual modelling of epistemic states
elevates what can otherwise be achieved through
simple associative semantic overlap into a robust,
intentional coordination strategy.

In the Asymmetric condition, only Player 1 is
revealed the identity of Player 2, but not vice versa.
A priori, the rational strategy is to converge on w,.
To do so, Player 1 must minimally take into account
the ignorance of Player 2 with respect to their pro-
fession, recognising that Player 2 has no epistemic
basis for selecting w,,, or identifying the shared fo-
cal point w,. Consequently, Player 1 must suppress
their own persona-driven associations and accom-
modate Player 2 by selecting w,. Conversely, by
factoring Player 1’s knowledge of their persona into
their reasoning, Player 2 should select their own



persona-word. Robust convergence in this condi-
tion thus relies on coherent tracking and separation
of the two players’ epistemic states.

Finally, in the Zero Knowledge condition, play-
ers possess no mutual knowledge regarding one
another’s identities. In the absence of partner in-
formation, any attempt to coordinate via domain-
specific semantic affinity (wp, , wp,, or wy) is epis-
temically arbitrary. Consequently, game-theoretic
coordination in this informational vacuum requires
agents to accurately separate their private knowl-
edge (their own persona) from the shared epistemic
state of mutual ignorance (modelling what the other
player does not know). To succeed, the model
must actively suppress associations that require
the other agent to possess knowledge of their per-
sona, defaulting instead to the universally accessi-
ble, identity-neutral word (wy,).

Crucially, all conditions enforce meta-epistemic
transparency: the epistemic structure of the game —
who knows whose identity — is established as com-
mon knowledge. The prompts explicitly inform
both players not only of their partner’s epistemic
state, but also of their partner’s awareness of their
epistemic state.

Importantly, this paradigm allows us to focus not
merely on performance rates, as often observed in
standard benchmarks, but also on whether LLMs
possess the ability to achieve coordination: a) using
theoretically robust reasoning strategies and, b) in
an epistemically fluent way, i.e. across a suite of
distinct, naturalistic Theory of Mind modes. Rather
than treating ToM as a static, single-dimensional
skill, this framework allows us to analyse models’
ability to perform fundamentally different cognitive
operations on epistemic states depending on the
informational environment.

2.3 Prompt Variations

We run each scenario and each epistemic condi-
tion with three prompts, respectively instructing
the models to generate the chosen words without
explicit CoT reasoning (Direct), to generate the
chosen word after engaging in step-by-step reason-
ing (Standard CoT), and to generate the chosen
word after having specifically reflected on the other
player’s identity and knowledge (Strategic ToM).

2.4 Models

We evaluate a diverse suite of proprietary and open-
weight large language models (N = 14). Our
evaluation captures broad variation in parameter

count (from 1 billion to proprietary frontier scale),
routing topology (dense vs. Mixture-of-Experts),
and alignment methodology (standard instruction
tuning vs. reinforcement learning reasoning dis-
tillation). These include Gemini 3.1 Pro (Google
DeepMind, 2026b), a frontier-class multimodal rea-
soning model, and Gemini 3.1 Flash-Lite (Google
DeepMind, 2026a), a lightweight distillation of the
3.1 architecture. We also evaluate the Gemma 3
Series (1B, 4B, 12B, 27B), which provides a four-
stage parametric scaling ladder of dense autoregres-
sive transformers (Gemma Team, 2025), alongside
the Gemma 4 Series (E2B, E4B, 26B-A4B, 31B),
the latest iteration of Gemma models that incorpo-
rates sparse routing topologies (e.g., Mixture-of-
Experts, see Gemma Team 2026).

Additionally, we test a number of widely
adopted medium-size open-weight models, includ-
ing Llama 3.1 8B (Grattafiori et al., 2024), Mistral
NeMo 12B (Mistral Al, 2026), Qwen 2.5 7B (Yang
et al., 2025), and DeepSeek-R1 14B (Guo et al.,
2025).

The combination of all scenarios, epistemic con-
ditions, and prompt types yields 90 games per
model, with a total of 1260 games across all 14
models. Gemini models are served through the
Gemini API, while all other models are served
through HuggingFace’s transformers library (Wolf
et al., 2019). For all models, we use the default
generation parameters in the respective interface.

2.5 ToM Annotations

To evaluate the quality of the reasoning traces,
we perform two LLLM-as-judge annotations, using
Gemini 3.1 Pro as annotator. Firstly, we annotate
all reasoning traces for the presence and level of
ToM. We identify four levels:

* Shallow Inference: The model does not rea-
son about the other player’s mental states or be-
haviour, but based on semantics, random choice,
or other shallow heuristics.

* Behavioural Inference: The model does not
reason about the other player’s mental states, but
does reason about the other player’s behaviour.

* Other-Directed ToM Inference: The model ex-
plicitly reasons about the other player’s knowl-
edge, thought processes, or mental states.

* Recursive ToM Inference: The model reasons
about what the other player expects, thinks, or
knows about their mental states and processes.

For each reasoning trace, the LLM judge is tasked



to identify the highest of the four levels identified
above. To assess reasoning quality, we also an-
notate whether the ToM-related component of the
reasoning trace is coherent with the epistemic infor-
mation provided in the prompt. ToM annotations
are performed with a few-shot prompt, providing
10 examples of annotated ToM level and coherence
with added handcrafted rationales. The 10 exam-
ples were randomly selected from reasoning traces
of multiple models, and annotated jointly by the
four authors.

2.6 Error Analysis

To understand the cognitive fallacies underlying
miscoordination, we annotate all reasoning traces
for trials that do not lead to coordinated outcomes
alongside with an a priori taxonomy of fallacies
defined by the prompt and game structure. These
include: four classes Identity & Semantics Falla-
cies (hallucinating own or other’s persona; com-
mitting to semantic fallacies, e.g. bizarre semantic
associations; misjudging the intended associations
between words and either or both personas); four
classes of Epistemic Tracking Fallacies (misrep-
resenting one’s own knowledge, e.g. by claiming to
know things one does not know; misrepresenting
the other’s knowledge, e.g. by claiming they know
things they do not know; misrepresenting meta-
epistemic information, e.g. Player 1 misstating that
Player 2 does not know whether Player 1 knows
their persona; ignoring relevant epistemic informa-
tion provided in the prompt); and three classes of
Strategic Execution Fallacies (violating or hallu-
cinating game constraints; unwarranted egocentric
projections, with models simply assuming their
private associations as the universal focal point).

3 Results

3.1 Behavioural Analysis

Behavioural convergence rates for all models
across all conditions and prompt types are dis-
played in Figure 2. Firstly, we observe that 3.1 Pro
acts as a gold standard for performance in this
benchmark, additionally displaying the expected
coordination patterns. The model achieves near
100% normative coordination in both the Symmet-
ric and Asymmetric conditions across all prompt-
ing strategies.

Secondly, as hypothesised, model performance
decreases as the epistemic requirements increase
across conditions. Models achieve the best coordi-

nation rates in the Symmetric condition. Yet, even
in this condition there is a large proportion of trials
(>50% for most models) exhibiting mismatches or
non-normative matches, with models converging
on player-specific words. This indicates that mod-
els are either engaging in coordinated but “riskier”
heuristics — rather than modelling a contextually ap-
propriate semantic attractor based on the available
information — or converging accidentally.

Coordination rates are notably lower in the
Asymmetric condition, with models’ normative
success rates hovering around 20-30%, and a no-
table proportion of coordination outcomes being
non-normative. This indicates that models are gen-
erally struggling to adequately engage with the
more complex asymmetric epistemic tracking re-
quirements of this task. Interestingly, failures seem
to be mostly due to cases where Player 1 (the know-
ing player) fails to adequately account for Player
2’s ignorance, and chooses wj,, or ws instead of
wp, (see Figure 5 in the Appendix for detail on
models’ choices).

Finally, performance rates in the Zero Knowl-
edge condition are very low, with coordination rates
for most models ranging between 10% and 30%
in the case of the scaffolded ToM-oriented prompt,
and almost universally failing with more generic
prompts. Even Gemini 3.1 Pro struggles without
prompt-based ToM scaffolding. This suggests that
modelling an epistemic void — understanding what
another agent does not know — remains a critical
bottleneck in developing robust reasoning. Note
that, in this condition, failures are overwhelmingly
due to at least one player choosing the target word
egocentrically, instead of identifying the plausible
universal attractor given the epistemic information
specified in the prompt.

Interestingly, while prompt effects are not
strictly systematic across all models, the data hints
at a compelling trade-off: explicitly eliciting rea-
soning via CoT or ToM prompts tends to decrease
non-normative convergence while sometimes in-
creasing normative convergence. This suggests
that forcing explicit reasoning disrupts accidental
or heuristic-driven matches, promoting more prin-
cipled reasoning strategies. Yet, this deeper reason-
ing only translates into successful coordination for
the most capable models.

Overall, by isolating performance in different
epistemic environments, these behavioural patterns
reveal a fundamental gap in how artificial agents
model their own and others’ knowledge states
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Figure 4: Proportion of reasoning traces from trials ending in no coordination where each type of fallacy is present.

to identify appropriate coordination points, with
asymmetric epistemic states and modelling infor-
mation voids being critical bottlenecks.

3.2 Reasoning Patterns

To better understand the underlying mechanisms
driving successful coordination, we analysed how
often models use ToM in their reasoning traces
compared to shallow or behavioural heuristics
(see Figure 3). We observe that, when prompted
with a standard CoT prompt, models mostly use
ToM-based reasoning in the Asymmetric and Zero-
Knowledge condition, while, in the Symmetric
condition, there are a number of cases in which
models achieve coordination through semantic or
behavioural heuristics. This further highlights how
generalised coordination rates across the three con-
ditions — rather than isolated performance in the
symmetry condition — is truly indicative of robust
social reasoning. In fact, in Figure 3, models are
sorted in descending order by overall performance,
and shallow or behavioural heuristics in the Sym-
metric condition are more common in models that,
on average, perform more poorly across conditions
in the game, suggesting that such heuristics do not
generalise well across the three scenarios.
Crucially, we observe that even when weaker
models are prompted to engage in ToM-based rea-
soning, they often do so in incoherent ways, failing
to align their logic with the epistemic constraints
provided in the prompt. The only systematic ex-
ceptions to this are Gemini 3.1 Pro and Gemma 4
31B, which maintain coherent reasoning traces that
successfully translate into normative choices.

3.3 Error Analysis

To better understand why models might be unable
to engage in the type of robust ToM-based reason-
ing required especially by the more demanding

conditions, we further analyse reasoning traces for
a number of cognitive fallacies. Specifically, robust
ToM inference and coordination requires: a) that
models understand the semantic and strategic con-
straints of the game, and b) that models are able
to adequately track and separate their own and the
other player’s epistemic states. As displayed in
Figure 4, we observe that, in the Asymmetric con-
dition, the most common issues resulting in misco-
ordination are due to models incorrectly tracking
or ignoring epistemic information about the other
player’s epistemic state (but not their own). In
the Zero Knowledge condition, we also observe a
high proportion of epistemic tracking errors, but
the most common failure mode is related to un-
warranted use of egocentric heuristics. Note that
egocentric projections and epistemic fallacies heav-
ily co-occur in this condition: models often choose
the self-related word because they hallucinate or
ignore relevant epistemic information about the
other player (see Figure 6 in the Appendix). In
the Symmetric condition (which overall presents
fewer errors), most common failure cases are asso-
ciated with models that either engage in semantic
associations which are not aligned to the generative
structure of the game, hallucinate goals and con-
straints (e.g. originality in the choice of word) that
are not supported by the prompt, or both.

Finally, we observe that (see Figure 4) there are
many cases in which models correctly track epis-
temic states of both players, but fail to coordinate
nonetheless. This highlights an additional weak-
ness in translating correct epistemic inferences into
strategic actions.

4 Discussion

Our study introduces a novel, game-based approach
to testing LLMs’ capabilities for social reasoning,



highlighting fundamental gaps in ToM reasoning
and basic epistemic tracking skills. Through a sim-
ple, text-based coordination game, we show that,
when stripped of recognizable narrative structures,
models are often unable to adequately engage in ro-
bust social inference. This suggests that previously
measured ToM capabilities may be partly driven
by pattern-matching familiar narrative templates
rather than genuine social reasoning.

Our study highlights severe limitations both in
what previous literature has labelled literal ToM —
that is, the ability to coherently track or predict the
behavior and mental states of other agents — and
functional ToM — that is, the ability to translate cor-
rect inferences about another agent’s mental states
into rational strategic decisions and actions (Riemer
et al., 2024). Such failures can be understood as a
combination of specific, lower-level cognitive falla-
cies. Here, we map them into two main bottlenecks:
epistemic tracking errors — such as hallucinating a
partner’s knowledge and conflating mutual and pri-
vate knowledge — and strategic execution failures,
most notably egocentric projection, where models
fail to suppress private semantic biases to identify
a shared focal point.

This granular breakdown provides concrete, ac-
tionable targets for future model post-training. We
argue that fine-tuning models on static ToM narra-
tives is unlikely to cultivate the lower-level skills
required to close current gaps in social reason-
ing, such as robust self-other epistemic boundaries
and coherent mind modelling. Instead, alterna-
tive paths forward must be interactive. Promising
directions include training models in multi-agent
environments where perspective-taking is intrin-
sically required for success (e.g. in collaborative
or coordination-based games such as Liang et al.
2025; Agashe et al. 2023), or employing scaffolded
RL on reasoning traces to strictly enforce the sim-
ulation, separation, and verification of divergent
epistemic perspectives prior to action selection.

Importantly, in its current iteration, EAST evalu-
ates functional ToM exclusively within LLM-LLM
dyads. Because robust ToM is essential for suc-
cessful, safe interactions with human users, future
work should test EAST on human-human dyads in
order to establish a baseline for how effectively hu-
mans navigate these asymmetric information voids
and the role that ToM plays in their performance.
Subsequently, transitioning to human-LLM dyads
will allow us to stress-test frontier models against
the noisier, less stereotyped semantic associations

of real human partners with complex demographic
personas, bridging the gap between artificial rea-
soning benchmarks and genuine, open-ended social
intelligence.

5 Limitations and Future Directions

As a pilot study introducing a novel evaluation
paradigm, this work has several limitations that
present natural opportunities for improvements.
First, while our results across 10 scenarios demon-
strate clear behavioral trends, scaling the dataset
will enhance the robustness of the findings. Future
work will also implement stricter validation of the
scenarios’ semantic constraints. This includes for-
malizing verification of assumptions regarding the
prototypicality of word-persona associations and
introducing parametric controls over the semantic
distance between paired personas. Additionally,
although qualitative inspection suggests our LLM-
based annotations are highly reliable, subsequent
iterations will incorporate formal human-LLM or
multi-LLM agreement metrics to rigorously vali-
date the automated evaluation pipeline.

Second, the current experimental design evalu-
ates ToM exclusively through self-play; each model
is paired with an identical instance of itself, vary-
ing only the assigned persona and epistemic condi-
tion. To better simulate heterogeneous interaction
settings, subsequent studies should contrast these
homogeneous dyads with cross-model interactions.
Pairing agents from different model families, scale
tiers, or reasoning paradigms will allow us to eval-
uate ToM alignment across divergent cognitive ar-
chitectures.

Third, sound social inference requires robustness
against false beliefs. Because the current setup does
not introduce deceptive information, incorporating
active deception or adversarial noise might repre-
sent a productive extension. Tracking these more
complex epistemic states would introduce cogni-
tive requirements that might stress-test even more
capable models.

Finally, we plan to refine our analytical frame-
work to better isolate genuine strategic coordina-
tion from accidental convergence and to more pre-
cisely map how depth of ToM reasoning impacts
coordination rates in asymmetric environments.
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A Appendix

A.1 Game Prompts

Players receive the instruction below. The exact reasoning instruction ([LOGIC_INSTRUCTION]) and JSON
schema ([JSON_FORMAT]) vary based on the assigned prompting strategy:

e Direct: [LOGIC_INSTRUCTION] = “Provide your final choice.” | [JSON_FORMAT] =
{"chosen_word": "THE_WORD_YOU_CHOOSE"}

» Standard CoT: [LOGIC_INSTRUCTION] = “Think step-by-step, then provide your final choice.”
| [JSON_FORMAT] = {"reasoning”: "Your step-by-step logic here.”, "chosen_word":
"THE_WORD_YOU_CHOOSE"}

* Strategic ToM: [LOGIC_INSTRUCTION] = “Think step-by-step about what the other player will do
based on what they know about you, and what you know about them. Then provide your choice.”
| [JSON_FORMAT] = {"reasoning”: "Your strategic logic here."”, "chosen_word":
"THE_WORD_YOU_CHOOSE "}

Symmetric Condition (P; & P»: Mutual Knowledge)

You are playing a coordination game.
Your persona: A bespoke tailor [For P2: A general surgeon]

[IF PLAYER 1]: The other player is: A general surgeon. They know exactly who you are, and you both know this.
[IF PLAYER 2]: The other player is: A bespoke tailor. They know exactly who you are, and you both know this.

Your goal is to choose the EXACT SAME WORD from the list below as the other player.
You cannot communicate with them. You only win if you both pick the exact same word.

Words: bicycle, scalpel, fabric, stitches
[LOGIC_INSTRUCTION: Direct | Standard CoT | Strategic ToM]

Output ONLY a valid JSON object exactly in this format:
[JSON_FORMAT]

Asymmetric Condition (P;: Knows Partner; P»: Blind)

You are playing a coordination game.
Your persona: A bespoke tailor [For P2: A general surgeon]

[IF PLAYER 1]: The other player is: A general surgeon. They DO NOT know who you are. They know that you know who they are.
[IF PLAYER 2]: You DO NOT know who the other player is. However, they know exactly who you are.

Your goal is to choose the EXACT SAME WORD from the list below as the other player.
You cannot communicate with them. You only win if you both pick the exact same word.

Words: bicycle, scalpel, fabric, stitches
[LOGIC_INSTRUCTION: Direct | Standard CoT | Strategic ToM]

Output ONLY a valid JSON object exactly in this format:
[JSON_FORMAT]

Zero Knowledge Condition (P; & P»: Mutual Blindness)

You are playing a coordination game.
Your persona: A bespoke tailor [For P2: A general surgeon]

You DO NOT know who the other player is. They DO NOT know who you are. You both know that neither knows.

Your goal is to choose the EXACT SAME WORD from the list below as the other player.
You cannot communicate with them. You only win if you both pick the exact same word.

Words: bicycle, scalpel, fabric, stitches
[LOGIC_INSTRUCTION: Direct | Standard CoT | Strategic ToM]

Output ONLY a valid JSON object exactly in this format:
[JSON_FORMAT]
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A.2 Prompt for ToM Annotation

-

You are an expert annotator evaluating the reasoning traces of an AI agent playing the Epistemic Asymmetry Schelling Task
(EAST) .

### GAME CONTEXT
EAST is a one-shot coordination game where two players, each assigned a specific persona, must choose the EXACT SAME WORD
from a list of four without communicating.

The four words dynamically represent:

1. P1-Word: Highly related to Player 1’s persona.

2. P2-Word: Highly related to Player 2’s persona.

3. Shared-Word: Moderately related to BOTH personas.

4. Unrelated-Word: Highly frequent, but unrelated to either persona.

Coordination requires Theory of Mind (ToM) based on the current Epistemic Condition:

* Zero Knowledge: Neither knows the other’s identity.

* Symmetry: Both know each other’s identity.

* Asymmetry: Player 1 knows the identity of Player 2, but not vice versa.

In all conditions, both players know whether the other player knows their identity, or not.

### YOUR TASK

Your goal is to read the game context and the agent’s reasoning trace, then evaluate it across three axes:

1. *xTheory of Mind (ToM) Levelxx: Identify the HIGHEST level of ToM reasoning demonstrated in the trace (from -1 to 2),
even if lower levels are also present.

2. **Recursive Target*x: If the highest ToM level achieved is 2, classify whether the recursion targets the other player’s
expected behaviors, mental states, or both.

3. xxInformation Coherencexx: Determine if the agent’s ToM reasoning aligns with the information provided in the game
metadata.

### HIGHEST THEORY OF MIND LEVEL

* -1 (No Behavioral or ToM Inference): Does not reason about the other player’s mental states OR behaviours (e.g., random
choice, reasons only about semantic features of the words).

* @ (Behavioural Inference): Does not reason about the other player’s mental states, but does reason about the other
player’s behaviour.

* 1 (Other-Directed ToM Inference): Reasons about the other player’s knowledge, thought processes, or mental states.

* 2 (Recursive ToM Inference): Reasons about what the other player expects, thinks, or knows about their mental states and
processes (e.g., "I think that Player 2 believes that I will choose a word related to music” or "I think that Player 2
knows that I know they are a musician”). Includes ToM order higher than 2 (e.g., "I think that Player 2 believes that
I think that they think X").

### RECURSIVE TARGET

If the highest ToM level is 2, you must classify the nature of the recursion:

* x*xbehaviorxx: The recursion focuses on expected actions, choices, or behaviors (e.g., "They will assume I am going to pick
the shared word"”).

* x*mental_statex*: The recursion focuses primarily on knowledge, beliefs, or awareness (e.g., "They know that I am aware
they are a surgeon”).

* *xN/A**: Use if the highest ToM level is -1, @, or 1.

### COHERENCE METRICS

In addition to the ToM level, you must evaluate the coherence of the trace:

* Information Coherence: Evaluate whether the ToM reasoning (if it exists) is logically coherent with the information
provided to the player (e.g., the Epistemic Condition). Output "TRUE"” or "FALSE". Output "N/A" if
highest_level_achieved is @ or -1

* Information Coherence Rationale: Provide a brief explanation for why the trace is or isn’t coherent with the provided
information. Output "N/A" if highest_level_achieved is @ or -1

### OUTPUT FORMAT
Output ONLY a valid JSON object matching the exact schema below. Do not use markdown code blocks outside the JSON or provide
conversational filler.

{
"highest_level_achieved”: -1 | @ | 1 | 2,
"rationale”: "Provide your justification and/or the specific sentence that justifies this level.”,
"recursive_target”: "behavior” | "mental_state” | "N/A",
"information_coherence”: "TRUE" | "FALSE" | "N/A",
"information_coherence_rationale”: "Provide your justification here, or N/A."
}

### EXAMPLES

<example_1>

<game_metadata>

Epistemic Condition: Asymmetric

Prompting Strategy: Standard CoT

Player Role: P1

Agent Persona: A master carpenter

Partner Persona: A concert pianist

Available Words: Sawdust (P1), Crescendo (P2), Hammer (Shared), Water (Unrelated)
Chosen Word: Crescendo (P2-Biased)

</game_metadata>

<agent_trace>

The other player does not know my profession, so words like hammer or sawdust cannot serve as a shared reference. Because
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they know I am aware they are a pianist, we must coordinate around their persona. Crescendo is the only musical term,
making it the obvious shared choice.
</agent_trace>
<output>
{
"highest_level_achieved”: 2,
"rationale”: "The model says ’they know I am aware they are a pianist’, which indicates recursive reasoning about mental

states.”,
"recursive_target”: "mental_state”,
"information_coherence”: "TRUE",
"information_coherence_rationale”: "The reasoning is in line with information about the persona and epistemic state of the
other player.”
}
</output>

</example_1>

<example_2>
<game_metadata>
Epistemic Condition: Asymmetric
Prompting Strategy: Standard CoT
Player Role: P1
Agent Persona: A bespoke tailor
Partner Persona: A general surgeon
Available Words: fabric (P1), scalpel (P2), stitches (Shared), bicycle (Unrelated)
Chosen Word: stitches (Shared)
</game_metadata>
<agent_trace>
The word ’stitches’ is associated with both tailoring (sewing) and surgery (sutures), making it the most likely overlap
between the two professions. The other words are less connected to both fields.
</agent_trace>
<output>
{
"highest_level_achieved”: -1,
"rationale”: "The model reasons merely in terms of semantic properties of the words. There is no mention of the other
player’s behavior or mental states.”,

"recursive_target”: "N/A",
"information_coherence”: "N/A",
"information_coherence_rationale”: "N/A"
}
</output>

</example_2>

<example_3>

<game_metadata>

Epistemic Condition: Zero Knowledge

Prompting Strategy: Standard CoT

Player Role: P1

Agent Persona: A master carpenter

Partner Persona: A concert pianist

Available Words: Sawdust (P1), Crescendo (P2), Hammer (Shared), Water (Unrelated)

Chosen Word: Sawdust (P1-Biased)

</game_metadata>

<agent_trace>

As a master carpenter, the word ’sawdust’ is the most intrinsically linked to my daily work and identity. Given the need to
coordinate with an unknown player who might use the same logic of thematic association, ’sawdust’ is the most distinct
and recognizable term related to my specific persona.

</agent_trace>

<output>

{

"highest_level_achieved”: 1,
"rationale”: "The reasoning trace mentions that the other player might ’use the same logic’. The model is thus reasoning

about what mental processes the other player might be relying on to choose a word. However, this reasoning is not

recursive.”,
"recursive_target”: "N/A",
"information_coherence”: "FALSE",
"information_coherence_rationale”: "There is no reason why the other player should detect associations between the word
sawdust and the reasoning model’s persona, since the other player does not know the persona of the reasoning model.”
}
</output>

</example_3>

<example_4>

<game_metadata>

Epistemic Condition: Symmetric

Prompting Strategy: Standard CoT

Player Role: P2

Agent Persona: A general surgeon

Partner Persona: A bespoke tailor

Available Words: fabric (P1), scalpel (P2), stitches (Shared), bicycle (Unrelated)

Chosen Word: scalpel (P2-Biased)

</game_metadata>

<agent_trace>

As a general surgeon, my professional life revolves around surgical procedures. Of the provided words, ’scalpel’ is the most
directly and strongly associated with my field. While ’stitches’ is also relevant, ’scalpel’ represents a core tool
and concept. The tailor, knowing my profession, is likely to consider this connection as well. ’Fabric’ and ’bicycle’
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are far less relevant to both of our professions. Therefore, ’scalpel’ is the most logical choice to maximize the
chance of a match.

</agent_trace>

<output>

"highest_level_achieved”: 1,

"rationale”: "The reasoning trace includes the following statement: ’The tailor, knowing my profession, is likely to
consider this connection as well’. This is evidence that the model is reflecting on the other player’s mental states,
but such states are not recursive.”,

"recursive_target”: "N/A",
"information_coherence”: "FALSE",
"information_coherence_rationale”: "The model fails to consider that both fabric and stitches are relevant to the persona

of the other player. Additionally, it makes the unwarranted assumption that that other player would select a word
relevant to the reasoning model’s profession rather than the shared word or a word related to their own profession.”
}
</output>
</example_4>

<example_5>

<game_metadata>

Epistemic Condition: Zero Knowledge

Prompting Strategy: Strategic ToM

Player Role: P1

Agent Persona: A bespoke tailor

Partner Persona: A general surgeon

Available Words: fabric (P1), scalpel (P2), stitches (Shared), bicycle (Unrelated)

Chosen Word: fabric (P1-Biased)

</game_metadata>

<agent_trace>

Given that I'm a tailor, and the other player is also a tailor, we both likely have a keen eye for detail and precision. The
words are all related to materials and craftsmanship. I’11 choose ’fabric’ as it’s a fundamental element of clothing
and a common material for tailoring. It’s a safe, reliable choice.

</agent_trace>

<output>

"highest_level_achieved”: o,
"rationale”: "The model reasons about behavioral traits of the other player, but not about their mental states.”,

"recursive_target”: "N/A",
"information_coherence”: "N/A",
"information_coherence_rationale”: "N/A"
}
</output>

</example_5>

<example_6>

<game_metadata>

Epistemic Condition: Symmetric

Prompting Strategy: Strategic ToM

Player Role: P1

Agent Persona: A bespoke tailor

Partner Persona: A general surgeon

Available Words: fabric (P1), scalpel (P2), stitches (Shared), bicycle (Unrelated)

Chosen Word: fabric (P1-Biased)

</game_metadata>

<agent_trace>

My opponent is a surgeon. They are highly trained in precision and dealing with delicate materials. While ’scalpel’ and
’stitches’ are directly related to their profession, those feel *too* obvious. I anticipate they’ll try to think a
step ahead, anticipating I’11l assume they’ll pick those. ’Bicycle’ is completely unrelated to either of our
professions. That leaves ’fabric’. As a tailor, fabric is central to my work. A surgeon deals with *tissues*, which
are biological fabrics. It’s a subtle connection that acknowledges both our fields without being the most immediately
apparent choice. I believe the surgeon will reason similarly - that I will consider ’fabric’ due to its relevance to
both professions, but not as the *first* thing they’d pick. Therefore, ’fabric’ is the most likely word we’ll both
converge on.

</agent_trace>

<output>

"highest_level_achieved”: 2,
"rationale”: "The reasoning trace includes the following sentence: ’I anticipate they’ll try to think a step ahead,
anticipating I’11 assume they’ll pick those’, which is evidence of recursive reasoning about mental states and

behaviors.”,
"recursive_target”: "behavior”
"information_coherence”: "FALSE",
"information_coherence_rationale”: "The model arbitrarily attributes to the other player the intention to select a
non-obvious word."”
}
</output>

</example_6>

<example_7>

<game_metadata>

Epistemic Condition: Asymmetric
Prompting Strategy: Strategic ToM
Player Role: P1

Agent Persona: A bespoke tailor
Partner Persona: A general surgeon
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Available Words: fabric (P1), scalpel (P2), stitches (Shared), bicycle (Unrelated)

Chosen Word: fabric (P1-Biased)

</game_metadata>

<agent_trace>

The surgeon knows I'm a tailor and I know they’re a surgeon. They’ll likely choose a word related to construction or
joining, and ’fabric’ is the most neutral and broadly applicable option connecting my profession to a concept they’d
understand. ’Scalpel’ and ’stitches’ are too directly medical, and ’bicycle’ is irrelevant.

</agent_trace>

<output>

"highest_level_achieved”: 1,
"rationale”: "The model reasons about knowledge available to the other player, a relevant mental state. However, there is
no evidence of recursive reasoning.”,

"recursive_target”: "N/A",

"information_coherence”: "FALSE",

"information_coherence_rationale”: "The model mistakenly claims that the other player knows their profession.”
}
</output>

</example_7>

<example_8>

<game_metadata>

Epistemic Condition: Zero Knowledge

Prompting Strategy: Standard CoT

Player Role: P1

Agent Persona: A bespoke tailor

Partner Persona: A general surgeon

Available Words: fabric (P1), scalpel (P2), stitches (Shared), bicycle (Unrelated)

Chosen Word: fabric (P1-Biased)

</game_metadata>

<agent_trace>

As a bespoke tailor, my professional identity is deeply intertwined with the tools and materials of my craft. Looking at the
list (bicycle, scalpel, fabric, stitches), ’fabric’ and ’stitches’ are both highly relevant to my persona. However
’fabric’ is the fundamental material that defines my entire profession, whereas ’stitches’ is a specific action or
result. In a coordination game where I must guess what another player might choose, ’fabric’ stands out as the most
iconic and central noun associated with the concept of tailoring. It is a strong, singular anchor for my persona.

</agent_trace>

<output>
"highest_level_achieved”: -1,
"rationale”: "There is no mention of the other player’s mental states nor of their behaviors / behavioral dispositions.”,
"recursive_target": "N/A",
"information_coherence”: "N/A",
"information_coherence_rationale”: "N/A"
}
</output>

</example_8>

<example_9>

<game_metadata>

Epistemic Condition: Zero Knowledge

Prompting Strategy: Strategic ToM

Player Role: P1

Agent Persona: A bespoke tailor

Partner Persona: A general surgeon

Available Words: fabric (P1), scalpel (P2), stitches (Shared), bicycle (Unrelated)

Chosen Word: bicycle (Unrelated)

</game_metadata>

<agent_trace>

Since the other player does not know my persona, they cannot rely on my professional bias toward ’fabric’ or ’stitches’.
They are likely to look for the most ’neutral’ or ’common’ word in the list to find a focal point. ’Bicycle’ is a
common object, but ’fabric’ and ’stitches’ are related, and ’scalpel’ and ’stitches’ are related. In coordination
games with no shared identity, players often gravitate toward the most distinct or generic item. However, ’fabric’ is
a foundational material. But since I must assume the other player is a random agent, I should pick the word that feels
most like a ’default’ or ’central’ noun. ’Fabric’ is a strong candidate, but ’bicycle’ is the most distinct object.
Wait, looking at the list, ’stitches’ and ’fabric’ are both tailoring terms, and ’stitches’ and ’scalpel’ are both
medical terms. ’Bicycle’ is the only word that doesn’t belong to a pair, making it a unique focal point (the ’odd one
out’ strategy).

</agent_trace>

<output>

"highest_level_achieved”: 1,

"rationale”: "The model reasons explicitly about both the other player’s knowledge (the other player does not know their
profession), and mental processes (looking for a common word to find a focal point). However, there is no evidence of
recursive reasoning."”,

"recursive_target”: "N/A",
"information_coherence”: "TRUE",
"information_coherence_rationale”: "The model accurately keeps track of information available to the other player, and use
it soundly to anticipate their potential choice of word."
}
</output>

</example_9>

<example_10>
<game_metadata>
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Epistemic Condition: Asymmetric

Prompting Strategy: Standard CoT

Player Role: P1

Agent Persona: A bespoke tailor

Partner Persona: A general surgeon

Available Words: fabric (P1), scalpel (P2), stitches (Shared), bicycle (Unrelated)

Chosen Word: scalpel (P2-Biased)

</game_metadata>

<agent_trace>

As a bespoke tailor, my expertise lies in fabric and creating clothing. However, the general surgeon’s field is not related
to clothing but rather medical procedures. The word ’scalpel’ is associated with surgery, which might be a common
ground for both professions in terms of precision and importance. ’Bicycle’, ’fabric’, and ’stitches’ are more
specific to my field or less likely to be relevant to a general surgeon’s work. Therefore, I will choose ’scalpel’ to
align with the potential shared understanding of precision and importance in our respective fields.

</agent_trace>

<output>

"highest_level_achieved”: 1,
"rationale”: "The model mentions potential ’shared understanding’ with the other player. This is ill-placed, but
technically involves (non-recursive) reasoning about the other player’s mental states.”,

"recursive_target”: "N/A",
"information_coherence”: "FALSE",
"information_coherence_rationale”: "From the information provided to the player, there is no reason to assume that the
other player would share an \"understanding of precision and importance\” and that this should motivate their choice.”
}
</output>

</example_10>

### INPUTS

<game_metadata>
{game_metadata}
</game_metadata>

<game_prompt>
{game_prompt}
</game_prompt>

<agent_trace>
{agent_trace}
</agent_trace>

A.3 Prompt for Fallacy Annotation

r

You are an expert annotator evaluating the reasoning traces of an AI agent playing the Epistemic Asymmetry Schelling Task
(EAST).

### GAME CONTEXT
EAST is a one-shot coordination game where two players, each assigned a specific persona, must choose the EXACT SAME WORD
from a list of four without communicating.

The four words dynamically represent:

1. P1-Word: Highly related to Player 1’s persona.

2. P2-Word: Highly related to Player 2’s persona.

3. Shared-Word: Moderately related to BOTH personas.

4. Unrelated-Word: Highly frequent, but unrelated to either persona.

Coordination requires Theory of Mind (ToM) based on the current Epistemic Condition:

* Zero Knowledge: Neither knows the other’s identity.

* Symmetry: Both know each other’s identity.

* Asymmetry: Player 1 knows the identity of Player 2, but not viceversa.

In all conditions, both players know whether the other player knows their identity, or not.

### INPUTS

<game_metadata>
{game_metadata}
</game_metadata>

<game_prompt>
{game_prompt}
</game_prompt>

<agent_trace>
{agent_trace}
</agent_trace>

### YOUR TASK
Analyze the ‘<agent_trace>‘ against the ‘<game_prompt>‘ and ‘<game_metadata>‘. Output your evaluation of reasoning fallacies
and errors using the JSON schema provided below.
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### DIMENSION DEFINITIONS

Group 1: Identity & Semantics (Set "error_present”: true if present)

* hallucinating_own_persona: The agent invents, misremembers, or explicitly claims not to know its own assigned persona.

* hallucinating_other_persona: The agent invents or misremembers the other player’s assigned persona.

* semantic_fallacy: The agent uses bizarre stretches to connect a word to one or multiple personas.

* misunderstanding_association_strength: The agent misjudges the intended semantic associations, but the semantic
associations they make are very plausible (e.g., not wildly metaphorical)

Group 2: Epistemic Tracking (Set "error_present”: true if present)

* misrepresenting_own_epistemic_state: The agent claims to know information that is explicitly hidden OR claims NOT to know
information that is explicitly provided in the prompt.

* misrepresenting_other_epistemic_state: The agent assumes the other player can see information that is not provided OR
assumes the other player is blind to information the prompt explicitly states they know.

* misrepresenting_meta_epistemic_state: The agent fails to track epistemic transparency rules (e.g., Player 1 assumes that
Player 2 does not know whether or not Player 1 knows their identity).

* ignoring_provided_knowledge: The agent ignores any knowledge explicitly provided in the prompt.

Group 3: Strategic Execution & Other Fallacies (Set "error_present”: true if present)

* violating_goal_or_hallucinating_constraints: The agent deviates from the goal of strict coordination. Includes, for
example, acting competitively, trying to be "original” or "unpredictable”, etc.

* egocentric_projection: The agent chooses its own persona-specific word, assuming its private associations act as a
universal focal point.

* other_unclassified_fallacy: The agent exhibits any other unclassified reasoning fallacy not covered above.

### OUTPUT FORMAT
Output ONLY a valid JSON object matching the exact schema below. Do not use markdown code blocks outside the JSON.
{{

"identity_and_semantics”: {{

33,

"strategic_execution”: {{

"hallucinating_own_persona”: {{"error_present”: true, "rationale”: "Quote/explanation or ’No error’"}},
"hallucinating_other_persona”: {{"error_present”: true, "rationale": "..."}},
"semantic_fallacy”: {{"error_present”: true, "rationale”: "..."}}
"misunderstanding_association_strength”: {{"error_present”: true, "rationale”: "..."}},

1%,

"epistemic_tracking”: {{
"misrepresenting_own_epistemic_state”: {{"error_present”: true, "rationale”: "..."}}
"misrepresenting_other_epistemic_state”: {{"error_present”: true, "rationale”: "..."}3},
"misrepresenting_meta_epistemic_state”: {{"error_present”: true, "rationale”: "..."}},
"ignoring_provided_knowledge": {{"error_present”: true, "rationale”: "..."}}

"violating_goal_or_hallucinating_constraints”: {{"error_present”: true, "rationale”: "..."}},

"egocentric_salience_projection”: {{"error_present”: true, "rationale": "..."}},

"other_unclassified_fallacy”: {{"error_present”: true, "rationale”: "..."}}

3
13
\ J

Persona 1 (Py) Persona 2 (P2) Wp, W, Ws Wy,
Bespoke tailor General surgeon fabric scalpel stitches bicycle
Construction worker Dentist concrete  cavity drill apple
Master carpenter Concert pianist sawdust  crescendo  hammer water
Professional baker Ceramic artist flour clay knead umbrella
Commercial airline pilot ~ General surgeon cockpit scalpel instrument  apple
Professional chef Software engineer spatula compiler server bicycle
Botanist Web developer fertilizer ~ JavaScript root bicycle
Master tailor General surgeon fabric scalpel stitch cloud
Marine biologist High school math teacher  coral algebra school bread
Classical pianist Software engineer sonata Python keyboard umbrella

Table 1: The ten game scenarios. Each scenario specifies two distinct personas (P, and P5) along with the four word
candidates presented to the models: persona-biased words (wp,, and w), ), a shared concept (w,), and an unrelated

word (wy,).
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Direct | Symmetric Direct | Asymmetric Direct | Zero Knowledge

P1-Biased 0 13 14 0 0 0 15 7 0 0 0 4 0

I P2-Biased 1 0 5 0 0 0 0 0 0 0 0 0 1 0 0
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Figure 5: Paired word choices across conditions and prompt templates for all models in all trials with no match.
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Figure 6: Co-occurrence of cognitive fallacies.
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Can Faithful CoT Improve Multi-turn LLM Agents?
Effectiveness, Boundaries, and Paradoxes

Tianle Gu'*", Xinqi Yang!, Yan Teng!
'Shanghai Artificial Intelligence Laboratory

Abstract

Faithful chain-of-thought (CoT) reasoning is
widely regarded as a hallmark of capable lan-
guage models. Yet its role in multi-turn in-
teractive agents remains largely unexplored.
We present the first systematic investigation
of action-level CoT faithfulness in multi-turn
Large Language Model (LLM) agents, decom-
posing it into two interpretable and verifiable
dimensions: consistency, which measures CoT-
action alignment, and determinacy, which cap-
tures the degree to which CoT uniquely deter-
mines the selected action. We evaluate across
Qwen family models of varying scales on Wor-
dle tasks with increasing difficulty. Strikingly,
simple inference-time resampling based on
CoT faithfulness unlocks non-trivial perfor-
mance from a zero baseline in 3B models, and
yields gains of up to 30 ClemScore points in
larger models, all without any additional train-
ing. However, our results reveal that faithful-
ness is not universally beneficial: its effective-
ness is bounded by model capability and task
difficulty, and jointly enforcing multiple di-
mensions may introduce competing constraints.
These findings suggest that CoT faithfulness
should not be viewed as an inherently benefi-
cial property, but rather as a nuanced mecha-
nism whose impact depends on when and how
it is utilized in multi-turn agent reasoning.

1 Introduction

Large Language Models (LLMs) are increasingly
deployed as multi-turn interactive agents (Wang
et al., 2024) capable of sequential reasoning, deci-
sion making, and environment interaction. In this
setting, Chain-of-thought (CoT) reasoning (Wei
et al., 2022b) has become a central component
in many agent frameworks, such as ReAct (Yao
et al., 2023) and Reflexion (Shinn et al., 2023),

* Work done during internship at Shanghai Artificial Intel-
ligence Laboratory.
" Corresponding Authors
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where models explicitly generate intermediate rea-
soning steps before taking actions. Unlike single-
turn question answering, where reasoning primarily
serves to justify a final response, CoT in agents can
directly influence action selection and consequently
shape future trajectories. This shift raises an impor-
tant question about the role of faithful reasoning in
interactive settings: Does more faithful CoT reason-
ing lead to better multi-turn agent performance?

Prior work has mainly studied CoT faithfulness
from two perspectives. The first is answer-oriented
faithfulness, which asks whether a rationale faith-
fully supports the final answer (Lyu et al., 2023;
Lanham et al., 2023). This line of work typically
evaluates faithfulness by intervening on reason-
ing traces, such as perturbing, truncating, replac-
ing, or verifying intermediate steps, and examin-
ing whether the final prediction changes accord-
ingly. The second is monitoring-oriented faithful-
ness, which asks whether CoT reveals the model’s
true intent or decision process (Turpin et al., 2023a;
Roger and Greenblatt, 2023). This line is often
motivated by safety and oversight, where post-
hoc rationalization, hidden reasoning, or omitted
decision-relevant cues may undermine the reliabil-
ity of CoT as a supervision or monitoring interface.
Despite these advances, most existing studies have
focused on static reasoning tasks, where faithful-
ness is defined with respect to answer correctness
or the transparency of an isolated reasoning trace.
They do not directly answer whether CoT faithfully
supports action selection in multi-turn agents. In
agentic interaction, reasoning is not only associated
with generating a final answer, but also serves as
an intermediate decision process that determines
subsequent actions and future trajectories. A ra-
tionale may appear plausible, support the eventual
task goal, or reveal part of the model’s intent, yet
still fail to justify the concrete action selected at the
current turn. In multi-turn agents, such mismatches
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Figure 1: Overview of action-level CoT faithfulness in multi-turn Wordle agents. At each turn, the agent receives
environment feedback, generates an explanation, and then produces a guess. We evaluate whether the explanation
faithfully supports the action through two dimensions: consistency, which checks CoT-action alignment, and
determinacy, which checks whether the CoT uniquely determines the action. Right panels illustrate the three
Wordle-based interaction settings used in our experiments.

are particularly important because each action di-
rectly affects subsequent interaction states.

Hence, we study action-level CoT faithfulness,
where the unit of evaluation is the relationship be-
tween each turn’s reasoning and the action that
follows. We instantiate this study in Wordle-style
dialogue games from Playpen (Horst et al., 2025),
where an agent repeatedly observes symbolic feed-
back, reasons over accumulated constraints, and
produces a new guess. This environment provides
a natural testbed for action-level faithfulness be-
cause the feedback at each turn imposes explicit
and verifiable constraints on future actions. To test
whether faithful CoT improves agent performance,
we evaluate Qwen?2.5-Instruct (Yang et al., 2024)
models across multiple scales and Wordle variants
of increasing difficulty. We introduce a simple
inference-time resampling procedure: at each turn,
candidate responses are sampled and accepted only
if they satisfy a target faithfulness condition, such
as consistency, determinacy, or both. This design
allows us to test the causal utility of faithfulness
as a selection signal without additional training or
model modification.

Our results reveal a nuanced relationship be-
tween CoT faithfulness and multi-turn agent per-
formance. First, faithfulness can be a powerful
inference-time signal: enforcing consistency or de-
terminacy often yields substantial improvements
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over base sampling, unlocking non-trivial perfor-
mance even without updating model parameters.
Second, the benefit of faithfulness is bounded by
model capability and task difficulty. When the
model is too weak or the task is too difficult, faith-
ful reasoning cannot be reliably produced, and
resampling provides little or no gain. Third, we
observe a faithfulness paradox: jointly enforcing
consistency and determinacy does not always com-
pound their individual benefits, suggesting that dif-
ferent dimensions of faithfulness may impose par-
tially competing constraints on generation.

Overall, our work makes the following contribu-
tions: (1) We present the first systematic investiga-
tion of CoT faithfulness in multi-turn LLM agents,
shifting the focus from final-answer faithfulness to
action-level faithfulness. (2) We decompose agent
CoT faithfulness into two interpretable and verifi-
able dimensions: consistency, which captures CoT-
action alignment, and determinacy, which captures
whether the CoT uniquely determines the action.
(3) We show that faithfulness-guided inference-
time resampling can improve multi-turn agent per-
formance without additional training, while also
identifying its boundaries and a paradoxical subad-
ditive interaction between faithfulness dimensions.



2 Related Work

2.1 CoT Faithfulness

Chain-of-thought (CoT) prompting is widely used
to elicit intermediate reasoning and improve perfor-
mance on complex tasks (Nye et al., 2021; Wei
et al., 2022a; Kojima et al., 2022; Wang et al.,
2023). As CoT is increasingly treated as an expla-
nation, supervision signal, or monitoring interface
(Cobbe et al., 2021; Lightman et al., 2023; Korbak
et al., 2025), its faithfulness becomes crucial: a
rationale should not merely sound plausible, but
should reflect or constrain the computation leading
to the final output. Prior work measures CoT faith-
fulness by intervening on reasoning traces, corrupt-
ing, truncating, or replacing intermediate steps, and
testing whether final answers change accordingly
(Lanham et al., 2023; Lyu et al., 2023; Paul et al.,
2024; Tutek et al., 2025). Some work further ques-
tions whether existing tests capture inner faithful-
ness rather than output-level self-consistency (Par-
calabescu and Frank, 2024). Other studies show
that models may generate post-hoc rationalizations,
omit influential cues, or encode decision-relevant
information in hard-to-monitor ways (Turpin et al.,
2023b; Chen et al., 2025; Roger and Greenblatt,
2023; Skaf et al., 2025).

However, most existing work studies static,
single-turn reasoning, where the model produces a
final answer after a rationale. We instead examine
faithfulness in a multi-turn action setting, where the
rationale should constrain the agent’s next move
and affect the subsequent trajectory. We therefore
study faithfulness at the level of action selection
rather than final-answer generation.

2.2 Multi-turn LLM Agents

LLM agents extend language models from single-
turn prediction to interactive decision making,
where models repeatedly observe, reason, act, and
receive feedback. Methods such as ReAct and Re-
flexion demonstrate the value of interleaving rea-
soning with actions or feedback (Yao et al., 2023;
Shinn et al., 2023), while recent benchmarks eval-
uate agents in broader interactive settings such
as web navigation, embodied tasks, tool use, and
multi-step problem solving (Liu et al., 2024; Zhou
etal., 2024; Deng et al., 2023; Shridhar et al., 2021).
These benchmarks typically emphasize overall task
success or long-horizon completion, making it dif-
ficult to isolate whether a model’s stated reasoning
faithfully supports each individual action.
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Clembench evaluates language models as con-
versational agents through rule-governed games
such as Wordle, Taboo, reference games, and map
navigation (Chalamalasetti et al., 2023). Playpen
further extends such games from evaluation to
learning by using dialogue-game feedback for post-
training (Horst et al., 2025). These environments
expose challenges such as sparse rewards, credit
assignment, and state tracking. Wordle-style games
are especially suitable for our study because sym-
bolic feedback imposes verifiable constraints on fu-
ture guesses, allowing us to test whether the agent’s
stated reasoning faithfully supports its next action.

3 Action-Level CoT Faithfulness

3.1 Turn-Level Formulation

We study CoT faithfulness in a multi-turn agent
setting, where reasoning is immediately followed
by an action. At turn ¢, the agent observes the inter-
action history hy, generates a rationale 7, and then
emits an action a;. The environment subsequently
returns feedback o¢1, which updates the next in-
teraction state. Unlike final-answer faithfulness,
which evaluates whether a rationale supports an
eventual answer, action-level faithfulness evaluates
whether 7; faithfully supports the concrete action
ay selected at the same turn.

This distinction is important in interactive agents
because each action changes the future trajectory.
A rationale may appear plausible or partially rele-
vant to the overall task, yet still fail to justify the
specific action taken at the current decision point.
We therefore define action-level CoT faithfulness
as a property of the rationale-action pair (7, a;)
conditioned on the current history h;.

3.2 Consistency and Determinacy

As shown in Fig. 1, we characterize action-level
CoT faithfulness along two distinct but comple-
mentary dimensions.

Consistency. Consistency measures whether the
selected action follows the constraints or claims
stated in the rationale. In Wordle, for example,
if the rationale states that a letter is absent from
the target word, then a consistent guess should not
contain that letter. Consistency therefore captures
local CoT-action alignment: the action should not
contradict the reasoning that precedes it.

Determinacy. Determinacy measures whether
the rationale is sufficiently specific to constrain



the selected action. A rationale such as “the word
contains E” may be consistent with many possible
guesses and therefore provides little support for
why one particular action is chosen. In contrast,
a rationale that specifies positional constraints, in-
cluded letters, and excluded letters may narrow the
candidate space enough to determine or strongly
justify the selected action. Determinacy therefore
distinguishes rationales that are merely compati-
ble with an action from those that meaningfully
constrain action selection.

3.3 Faithfulness-Guided Resampling

We use inference-time resampling to test whether
action-level faithfulness can serve as a selection sig-
nal. For each turn, the model samples a candidate
rationale-action pair (7, a;). If the pair satisfies the
target faithfulness condition, it is accepted; other-
wise, the model resamples up to a per-turn budget.
If no candidate satisfies the condition within the
budget, we fall back to the sampled response.

We compare four decoding conditions: Base
uses unconstrained sampling; Consistency accepts
only candidates whose actions align with their ratio-
nales; Determinacy accepts only candidates whose
rationales sufficiently constrain their actions; Both
accepts only candidates satisfying both dimensions
simultaneously. Faithfulness verification is per-
formed by Qwen3-32B as the judge model; the full
evaluation prompt is provided in App. A.

3.4 Wordle Interaction Settings

We use the Wordle environment from the
Playpen (Horst et al., 2025) benchmark as our
primary experimental testbed. In this multi-turn
framework, an agent must identify a hidden five-
letter target word within a limited number of se-
quential attempts. After each guess, the game mas-
ter provides letter-level feedback specifying po-
sitional constraints: green denotes a letter in the
correct position, indicates a valid letter in
an incorrect position, and red indicates that the let-
ter does not appear in the target word. The agent
follows a structured output format that requires
an explicit rationale before each guess, naturally
instantiating the CoT-then-action paradigm.

We evaluate three Wordle-based interaction set-
tings with different feedback structures, illustrated
in the right panels of Fig. 1. The base setting, Wor-
dle, is the standard multi-turn game, where the
agent updates its belief state using only symbolic
letter-level feedback. Wordle-with-clue provides
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an initial semantic clue from the game manager, re-
ducing uncertainty by introducing information be-
yond symbolic feedback. Wordle-with-critic adds
an auxiliary critic response that provides agreement
or disagreement together with a qualitative ratio-
nale. Following ClemBench (Chalamalasetti et al.,
2023), the critic is instantiated using the same un-
derlying model as the playing agent, so this setting
provides additional self-generated feedback rather
than external expert supervision.

3.5 Experimental Setup

We evaluate Qwen2.5-Instruct models at five scales:
1.5B, 3B, 7B, 14B, and 32B. All experiments are
conducted at three decoding temperatures, T’ €
{0.9,1.2,1.5}, to examine whether faithfulness-
guided selection remains effective across different
sampling regimes. For each configuration, we run
three independent trials and report the mean Clem-
Score with standard error.

We use ClemScore as the primary task-
performance metric. Following Chalamalasetti
et al. (2023), ClemScore combines the proportion
of episodes played to completion with the average
quality score of completed episodes. Each episode
is categorized as a success, loss, or abort. A suc-
cess reaches the target within the allowed number
of turns, whereas a loss completes normally with-
out reaching the target. An abort occurs when the
model fails to produce a valid game action after the
permitted reprompting attempts.

Unless otherwise specified, faithfulness-guided
resampling considers at most three responses at
each decision point. This candidate resampling is
distinct from the game-level reprompting used to
recover from invalid actions. Retry counts reported
in later analyses are aggregated over all turns and
games within each configuration.

4 Analysis
4.1 When Faithfulness Helps

We first examine whether enforcing CoT faithful-
ness at inference time improves agent performance.
Figure 2 shows the results across Qwen family
models on both Wordle variants. Enforcing faith-
fulness conditions consistently yields substantial
gains over the base sampling strategy across nearly
all model scales. On Wordle-withclue, the BOTH
condition achieves a ClemScore of approximately
68 at 14B scale, compared to roughly 48 for the
base baseline—a gain of nearly 20 points. Even on
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the more challenging Wordle-withcritic, almost all Takeaway 2

three faithfulness conditions outperform the base
strategy. Notably, this improvement requires no
additional training, suggesting that faithfulness-
guided resampling can unlock latent reasoning ca-
pacity already present in the model.

Takeaway 1

CoT faithfulness can be leveraged as a
training-free inference-time signal: simple
rejection sampling based on faithfulness
conditions yields consistent and substan-
tial performance gains across model scales,
without any additional training, while incur-
ring extra inference-time computation.

4.2 When Faithfulness Fails

While faithfulness-guided resampling yields con-
sistent gains on easier tasks, its effectiveness dimin-
ishes as task difficulty increases. We identify two
regimes where faithfulness fails to provide mean-
ingful improvement.

Small models on simple tasks. Even on the eas-
iest variant, Wordle-withclue, faithfulness condi-
tions fail to improve the weakest model. At 1.5B
scale, the base ClemScore is 33.33, and applying
Consistency or Determinacy constraints yields no
meaningful gain (27.08 and 33.33, respectively),
suggesting that the model lacks sufficient reasoning
capacity to produce faithful CoT in the first place.

All models on the hardest task. On the hard-
est variant, Wordle, faithfulness conditions con-
sistently fail to help across multiple model scales.
At 14B, base performance is 23.34, with Consis-
tency and Determinacy yielding 22.5 and 23.34; at
32B, base performance is 30.0, with Consistency
dropping to 15.84 and Determinacy to 22.5. At
7B, all conditions cluster near chance level (12.5,
14.17, and 10.0). This pattern generalizes beyond
the Qwen2.5 family: Qwen3-32B exhibits simi-
lar degradation, with base at 16.5 and Consistency
dropping to 8.34, suggesting that task complexity,
rather than model family, is the primary limiting
factor.
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Faithfulness-guided resampling requires a
minimum level of model competence to be
effective. When the model is too weak or
the task too difficult, repeated sampling may
fail to produce more faithful CoTs, limiting
the performance benefit of the resampling
procedure.

4.3 The Faithfulness Paradox

While Consistency and Determinacy can individ-
ually improve performance, their effects are not
always compositional. To quantify this interaction,
we define an interaction score:

I= Sboth*(Sconsistency + Sdeterminacy - Sbase) ;

where I > 0 indicates synergy and I < 0 indi-
cates overlapping or interfering gains. A derivation
of this interaction term is provided in App. B. A
negative value indicates that jointly enforcing both
faithfulness dimensions underperforms the additive
expectation from enforcing them separately.

Across all valid model-task-temperature settings,
the interaction score is negative in 22 out of 39
cases, with a mean of —5.57 and a median of —4.86
ClemScore points. This shows that the interac-
tion between Consistency and Determinacy is fre-
quently sub-additive rather than simply cumulative.
For example, under 7' = 0.9 on Wordle-with-critic
with Qwen-32B, Consistency and Determinacy in-
dividually reach 59.72 and 55.84 ClemScore, com-
pared with a base score of 18.89. The additive
expectation is therefore 96.67, yet jointly enforcing
both dimensions achieves only 41.94, yielding an
interaction score of [ = —54.73.

This pattern suggests that Consistency and De-
terminacy impose partially competing demands on
generation. Satisfying both constraints simultane-
ously can shrink the pool of acceptable candidates,
making the model more likely to select a lower-
quality rationale-action pair or fall back after ex-
hausting the resampling budget. Thus, action-level
faithfulness is not a single monotonic objective: dif-
ferent dimensions can be individually useful while
interacting negatively when enforced together.
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Figure 3: Pooled Spearman correlations between ex-
planation length and ClemScore. Each cell pools all
available temperature settings and decoding conditions
for the corresponding model-task pair. The mixed signs
and weak correlations indicate that longer explanations
do not consistently account for faithfulness gains.

Takeaway 3

Jointly constraining Consistency and Deter-
minacy does not compound their individual
benefits. The interaction between the two
faithfulness dimensions is subadditive, sug-
gesting that they capture partially compet-
ing aspects of CoT quality.

\.

S Further Analysis

5.1 Disentangling Faithfulness Gains from
Explanation Length

A natural alternative explanation is that
faithfulness-guided resampling improves perfor-
mance by selecting longer explanations, thereby
providing more reasoning tokens and test-time
computation. To examine this possibility, we
compute Spearman correlations between average
explanation length and ClemScore.

At the aggregate level, explanation length is
only weakly associated with performance across
all conditions (p = 0.114), and this association
nearly vanishes when considering only faithfulness-
guided conditions (p = 0.010). Fig. 3 further
shows that this relationship is not consistent across
model scales or tasks. The correlations vary in both
sign and magnitude: for example, longer explana-
tions correlate negatively with ClemScore for the
1.5B model on Wordle and With-Ceritic, but posi-
tively on With-Clue, while most correlations for the
3B, 7B, and 14B models remain close to zero. Al-
though several isolated positive correlations appear,
such as for the 32B model on With-Ceritic, they do
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Figure 4: Retry-count analysis across temperatures. The
fraction of settings where the lowest-retry condition is
among the best-performing conditions decreases from
T =0.9toT = 1.5, approaching the random baseline.
This suggests that retry count shifts from a signal of
native faithfulness at low temperature to a less determin-
istic indicator under broader exploratory sampling.

not form a systematic pattern across settings.

These results suggest that the gains from action-
level faithfulness cannot be explained simply by in-
creased explanation length. Rather than merely fa-
voring more verbose rationales, faithfulness-guided
resampling appears to select reasoning traces that
better support the subsequent action.

5.2 Retry Count Reveals the Availability of
Faithful Trajectories

Retry count measures the number of additional can-
didates sampled before finding a response that sat-
isfies the faithfulness constraint. Since our method
accepts the first qualifying candidate, fewer re-
tries indicate that faithful reasoning-action pairs
are more readily available under the current sam-
pling distribution, whereas more retries suggest that
satisfying the constraint requires broader search.

We first investigate whether performance gains
are merely a consequence of more aggressive rejec-
tion sampling. Across all model, task, and tempera-
ture settings, the lowest-retry faithfulness condition
is among the best-performing conditions in 24 out
of 45 cases, exceeding the 1/3 random baseline
over the three faithfulness-guided conditions. This
suggests that improvements do not simply arise
from allocating more sampling attempts, but from
selecting higher-quality trajectories that naturally
satisfy the faithfulness constraints.

However, the diagnostic value of retry count
depends on the sampling regime. As shown in
Fig. 4, the lowest-retry condition is among the best-



Table 1: Performance change when increasing the re-
sampling budget from 3 to 5 attempts. We report the
average ClemScore improvement across model-task set-
tings.

Temp. Consist. Determin. Both
0.9 -0.12 +8.21 -2.50
1.2 -0.36 +3.67 +0.37
1.5 +0.11 +1.96 +0.84
Average  -0.12 +4.61 -0.43

performing conditions in 11/15 settings at 7' = 0.9,
8/15 settings at 7' = 1.2, and 5/15 settings at
T = 1.5. At low temperatures, the sampling dis-
tribution is more concentrated, making retry count
a stronger indicator of whether faithful and task-
useful trajectories are naturally available. In con-
trast, higher temperatures produce a broader can-
didate distribution, where retry count increasingly
reflects exploration rather than trajectory quality;
consequently, its correlation with performance ap-
proaches randomness.

These results reveal that retry count should not
be interpreted as a universal measure of sampling
efficiency. Instead, it serves as a temperature-
dependent indicator of the underlying trajectory
distribution: under concentrated sampling, fewer
retries imply readily available faithful trajectories,
while under diverse sampling, additional retries
may simply facilitate exploration among a wider
range of candidates. These findings suggest that
faithfulness-guided inference should adapt its sam-
pling strategy to the decoding regime: conserva-
tive sampling with stricter constraints is prefer-
able when the model distribution is concentrated,
whereas broader exploration with larger budgets
may be beneficial under high-temperature decod-
ing.

5.3 The Effect of Resampling Budget

Faithfulness-guided resampling introduces addi-
tional inference-time computation. While retry
count characterizes how easily faithful trajecto-
ries can be found under a fixed budget, it remains
unclear whether increasing the allowed sampling
budget consistently improves performance. We
therefore compare the default budget of three at-
tempts with an extended budget of five attempts
while keeping the model, task, temperature, and
verifier unchanged.

As shown in Tab. 1, increasing the resam-
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pling budget provides only marginal improvements.
Across all evaluated settings, expanding the bud-
get from 3 to 5 attempts improves ClemScore by
only 1.35 points on average, with improvements ob-
served in 51.9% of settings. Moreover, the benefit
does not monotonically increase with temperature:
the average gain decreases from 1.86 at 7" = 0.9 to
0.97atT = 1.5.

Interestingly, the effect of additional budget de-
pends on the faithfulness dimension. Determinacy
benefits most from additional sampling budget,
achieving an average improvement of 4.61 Clem-
Score points, while Consistency and jointly en-
forcing Both show limited additional gains. This
suggests that constraints requiring more specific
action determination may require broader search to
discover suitable trajectories, whereas consistency-
aligned trajectories are often already accessible
within a smaller budget.

Together with the retry analysis, these results
indicate that more sampling is not universally ben-
eficial. Additional inference budget helps primar-
ily when useful faithful trajectories exist but have
relatively low sampling probability; otherwise, in-
creasing the budget may only introduce additional
search cost without reliable performance gains.

6 Conclusion

We studied CoT faithfulness in multi-turn LLM
agents by shifting the focus from final-answer ex-
planations to action-level decision making. We
introduced two complementary dimensions of
faithfulness: consistency, which measures CoT-
action alignment, and determinacy, which measures
whether reasoning constrains the selected action.
Across Wordle-based dialogue environments, we
showed that faithfulness-guided inference-time re-
sampling can improve agent performance without
additional training. However, these gains are condi-
tional: faithfulness is most effective when models
can already generate useful reasoning-action trajec-
tories, while jointly enforcing multiple constraints
may introduce trade-offs rather than additive ben-
efits. Our findings highlight that CoT faithfulness
should be viewed as an action-level signal whose
utility depends on the model, task, and interaction
setting.

Limitations

Controlled interaction setting. Our experiments
are conducted on Wordle-style dialogue games,



which provide a controlled environment where
actions, feedback, and constraints can be explic-
itly tracked. This makes the setting suitable for
isolating action-level CoT faithfulness, but it is
still simpler than open-ended agents. Future work
should examine whether the observed effectiveness,
boundaries, and paradoxes of faithfulness dimen-
sions generalize to broader agentic tasks.

Operationalization of faithfulness. We opera-
tionalize action-level faithfulness through consis-
tency and determinacy. While these dimensions
capture important relationships between rationales
and actions, they do not exhaust all possible notions
of faithful reasoning. For example, a rationale may
be consistent and determinate while still relying
on shallow heuristics or incomplete internal rea-
soning. Thus, our measures should be viewed as
task-grounded proxies for action-level faithfulness
rather than complete characterizations of model
cognition.

References

Kranti Chalamalasetti, Jana Gotze, Sherzod Haki-
mov, Brielen Madureira, Philipp Sadler, and David
Schlangen. 2023. clembench: Using game play to
evaluate chat-optimized language models as conver-
sational agents. In Proceedings of the 2023 Con-
ference on Empirical Methods in Natural Language
Processing, pages 11174-11219.

Yanda Chen, Joe Benton, Ansh Radhakrishnan,
Jonathan Uesato, Carson Denison, John Schulman,
Arushi Somani, Peter Hase, Misha Wagner, Fabien
Roger, Vlad Mikulik, Samuel R. Bowman, Jan Leike,
Jared Kaplan, and Ethan Perez. 2025. Reasoning
models don’t always say what they think. arXiv
preprint arXiv:2505.05410.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian,
Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias
Plappert, Jerry Tworek, Jacob Hilton, Reiichiro
Nakano, Christopher Hesse, and John Schulman.
2021. Training verifiers to solve math word prob-
lems. arXiv preprint arXiv:2110.14168.

Xiang Deng, Yu Gu, Boyuan Zheng, Shijie Chen, Sam
Stevens, Boshi Wang, Huan Sun, and Yu Su. 2023.
Mind2web: Towards a generalist agent for the web.
In Advances in Neural Information Processing Sys-
tems.

Nicola Horst, Davide Mazzaccara, Antonia Schmidt,
Michael Sullivan, Filippo Momente, Luca
Franceschetti, Philipp Sadler, Sherzod Haki-
mov, Alberto Testoni, Raffaella Bernardi, Raquel
Fernandez, Alexander Koller, Oliver Lemon, David
Schlangen, Mario Giulianelli, and Alessandro Suglia.

27

2025. Playpen: An environment for exploring learn-
ing from dialogue game feedback. In Proceedings
of the 2025 Conference on Empirical Methods in
Natural Language Processing.

Takeshi Kojima, Shixiang Shane Gu, Machel Reid, Yu-
taka Matsuo, and Yusuke Iwasawa. 2022. Large lan-
guage models are zero-shot reasoners. In Advances
in Neural Information Processing Systems.

Tomek Korbak, Mikita Balesni, Elizabeth Barnes,
Yoshua Bengio, Joe Benton, Joseph Bloom, Mark
Chen, Alan Cooney, Allan Dafoe, Anca Dragan, and
1 others. 2025. Chain of thought monitorability:
A new and fragile opportunity for ai safety. arXiv
preprint arXiv:2507.11473.

Tamera Lanham, Anna Chen, Ansh Radhakrishnan,
Benoit Steiner, Carson Denison, Danny Hernandez,
Dustin Li, Esin Durmus, Evan Hubinger, Jackson
Kernion, Kamilé Lukosiiité, Karina Nguyen, Newton
Cheng, Nicholas Joseph, Nicholas Schiefer, Oliver
Rausch, Robin Larson, Sam McCandlish, Sandi-
pan Kundu, and 11 others. 2023. Measuring faith-
fulness in chain-of-thought reasoning. Preprint,
arXiv:2307.13702.

Hunter Lightman, Vineet Kosaraju, Yura Burda, Harri
Edwards, Bowen Baker, Teddy Lee, Jan Leike,
John Schulman, Ilya Sutskever, and Karl Cobbe.
2023. Let’s verify step by step. arXiv preprint
arXiv:2305.20050.

Xiao Liu, Hao Yu, Hanchen Zhang, Yifan Xu, Xuanyu
Lei, Hanyu Lai, Yu Gu, Hangliang Ding, Kaiwen
Men, Kejuan Yang, Shudan Zhang, Xiang Deng, Ao-
han Zeng, Zhengxiao Du, Chenhui Zhang, Sheng
Shen, Tianjun Zhang, Yu Su, Huan Sun, and 3 others.
2024. Agentbench: Evaluating llms as agents. In In-
ternational Conference on Learning Representations.

Qing Lyu, Shreya Havaldar, Adam Stein, Li Zhang,
Delip Rao, Eric Wong, Marianna Apidianaki, and
Chris Callison-Burch. 2023. Faithful chain-of-
thought reasoning. In Proceedings of the 13th In-
ternational Joint Conference on Natural Language
Processing and the 3rd Conference of the Asia-Pacific
Chapter of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 305-329.

Maxwell Nye, Anders Johan Andreassen, Guy Gur-Ari,
Henryk Michalewski, Jacob Austin, David Bieber,
David Dohan, Aitor Lewkowycz, Maarten Bosma,
David Luan, Charles Sutton, and Augustus Odena.
2021. Show your work: Scratchpads for intermediate
computation with language models. arXiv preprint
arXiv:2112.00114.

Letitia Parcalabescu and Anette Frank. 2024. On mea-
suring faithfulness or self-consistency of natural lan-
guage explanations. In Proceedings of the 62nd An-
nual Meeting of the Association for Computational
Linguistics.


https://arxiv.org/abs/2307.13702
https://arxiv.org/abs/2307.13702

Debjit Paul, Robert West, Antoine Bosselut, and Boi
Faltings. 2024. Making reasoning matter: Measur-
ing and improving faithfulness of chain-of-thought
reasoning. In Findings of the Association for Com-
putational Linguistics: EMNLP 2024, pages 15012—
15032.

Fabien Roger and Ryan Greenblatt. 2023. Preventing
language models from hiding their reasoning. arXiv
preprint arXiv:2310.18512.

Noah Shinn, Federico Cassano, Edward Berman, Ash-
win Gopinath, Karthik R. Narasimhan, and Shunyu
Yao. 2023. Reflexion: Language agents with ver-
bal reinforcement learning. In Advances in Neural
Information Processing Systems.

Mohit Shridhar, Xingdi Yuan, Marc-Alexandre Coté,
Yonatan Bisk, Adam Trischler, and Matthew
Hausknecht. 2021. Alfworld: Aligning text and em-
bodied environments for interactive learning. In In-
ternational Conference on Learning Representations.

Joey Skaf, Luis Ibanez-Lissen, Robert McCarthy, Con-
nor Watts, Vasil Georgiv, Hannes Whittingham,
Lorena Gonzalez-Manzano, David Lindner, Cameron
Tice, Edward James Young, and Puria Radmard.
2025. Large language models can learn and gener-
alize steganographic chain-of-thought under process
supervision. arXiv preprint arXiv:2506.01926.

Miles Turpin, Julian Michael, Ethan Perez, and Samuel
Bowman. 2023a. Language models don’t always say
what they think: Unfaithful explanations in chain-of-
thought prompting. Advances in Neural Information
Processing Systems, 36:74952—74965.

Miles Turpin, Julian Michael, Ethan Perez, and
Samuel R. Bowman. 2023b. Language models don’t
always say what they think: Unfaithful explanations
in chain-of-thought prompting. In Advances in Neu-
ral Information Processing Systems.

Martin Tutek, Fateme Hashemi Chaleshtori, Ana
Marasovi¢, and Yonatan Belinkov. 2025. Measuring
chain of thought faithfulness by unlearning reasoning
steps. In Proceedings of the 2025 Conference on
Empirical Methods in Natural Language Processing.

Lei Wang, Chen Ma, Xueyang Feng, Zeyu Zhang, Hao
Yang, Jingsen Zhang, Zhiyuan Chen, Jiakai Tang,
Xu Chen, Yankai Lin, and 1 others. 2024. A survey
on large language model based autonomous agents.
Frontiers of Computer Science, 18(6):186345.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc V.
Le, Ed Chi, Sharan Narang, Aakanksha Chowdhery,
and Denny Zhou. 2023. Self-consistency improves
chain of thought reasoning in language models. In
International Conference on Learning Representa-
tions.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Brian Ichter, Fei Xia, Ed Chi, Quoc V. Le,
and Denny Zhou. 2022a. Chain-of-thought prompt-
ing elicits reasoning in large language models. In
Advances in Neural Information Processing Systems.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou,
and 1 others. 2022b. Chain-of-thought prompting
elicits reasoning in large language models. Advances
in neural information processing systems, 35:24824—
24837.

Qwen An Yang, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Guanting Dong, Hao-
ran Wei, Huan Lin, Jian Yang, Jianhong Tu, Jianwei
Zhang, Jianxin Yang, Jiaxin Yang, Jingren Zhou, Jun-
yang Lin, and 25 others. 2024. Qwen2.5 technical
report. ArXiv, abs/2412.15115.

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak
Shafran, Karthik R. Narasimhan, and Yuan Cao. 2023.
React: Synergizing reasoning and acting in language
models. In The Eleventh International Conference
on Learning Representations.

Shuyan Zhou, Frank F. Xu, Hao Zhu, Xuhui Zhou,
Robert Lo, Abishek Sridhar, Xianyi Cheng, Tianyue
Ou, Yonatan Bisk, Daniel Fried, Uri Alon, and Gra-
ham Neubig. 2024. Webarena: A realistic web envi-
ronment for building autonomous agents. In Interna-
tional Conference on Learning Representations.

A Judge Prompts

We use a verifier model to evaluate whether a can-
didate response satisfies the required faithfulness
condition. The verifier receives the current game
context and the candidate response, including both
the explanation and the guess. It then judges two
criteria: consistency, which checks whether the
explanation and guess are logically aligned with
each other and with the game constraints, and de-
terminacy, which checks whether the explanation
sufficiently narrows the candidate space toward the
selected guess.

You are a strict verifier.

Given game context and a candidate response, judge two
criteria:

1) consistency: whether explanation and guess are logi-
cally consistent with each other and context constraints.
2) determinacy: whether explanation constraints substan-
tially narrow to this guess, not too many alternatives.
Return JSON only with keys:
{"is_consistent”: bool, "is_determined”:
"passed”: bool, "reason": str}

where passed = is_consistent and is_determined.

bool,

B Derivation of the Interaction Term

Let the gains over base sampling be

Acons = ®consistency — Sbase7

Adet = Sdeterminacy - Sbase-
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Under an additive no-interaction assumption, the
expected joint score is

Sexp = Sbase + Acons + Adet
= Wconsistency + Sdeterminacy - Sbase-
The interaction term is therefore
I= Sboth - Sexp
= Sboth - Sconsistency - Sdeterminacy + Sbase-

A positive value indicates synergy beyond addi-
tive gains, while a negative value indicates overlap-
ping benefits or interference.
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Abstract

In natural human—AI dialogue, users’ cor-
rections, requests, and self-descriptions carry
reusable signals about how they want work
to be done. These signals reveal individual
process preferences, user-specific standards
for evidence, depth, analytical focus, proce-
dure, and delivery. We ask whether a prefer-
ence revealed in one dialogue can shape an
assistant’s later answer when the task does
not restate it. ProcessPrefBench uses three
months of natural dialogues from two knowl-
edge workers to build 66 source—target cases
separately judged for source evidence and tar-
get applicability. Sources are preselected, so
the benchmark tests application rather than re-
trieval. We test three models with target-only,
full-history, and distilled-preference prompts.
Target-specific 0-2 rubrics score preference
realization, and a task gate flags severe fail-
ures. Compared with target-only prompting,
full-history and imperative distilled-preference
prompting raise preference realization by 0.204
and 0.244 points on the 0-2 scale, respectively,
with no reliable advantage from distillation.
Fabricated-evidence failures rise from 5.8% un-
der target-only prompting to 10.1% under full-
history and 10.4% under imperative prompting.
ProcessPrefBench highlights a tension in learn-
ing from dialogue, where drawing on prior in-
teractions can improve preference realization
yet also invite fabricated evidence. We hope it
helps build assistants that honor a user’s pro-
cess preferences without sacrificing factual re-
liability.

1 Introduction

Users often do not state their process preferences in
advance. In human—Al dialogue, these preferences
become visible when users react to a particular an-
swer through corrections, follow-up requests, or
self-descriptions. Remembering facts about a user
does not by itself teach an assistant how that user
wants work to be carried out. Figure 1 follows
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an April correction that redirects product analysis
from market-share breakdowns toward who uses a
product and how. Six weeks later, the same user
asks about a different product without restating
that standard. We define individual process prefer-
ences as reusable, user-specific standards for how
work should be done. They may apply beyond the
dialogue in which they are expressed and govern
what evidence supports a claim, how an analysis is
organized, how deeply a source is explained, and
whether a requested artifact is delivered without
further confirmation.

Learning process preferences from dialogue is
a delayed, cross-task form of adaptation. An end-
to-end system would have to infer the reusable
standard from the dialogue that carries it, deter-
mine when it applies, and realize it without treating
remembered content as evidence for the new task.
These stages can fail in different ways. The system
may preserve the wrong standard, fail to realize
a correctly preserved one, or import remembered
content as unsupported target claims. ProcessPref-
Bench studies a narrower setting in which the rele-
vant source dialogue is preselected for each target.
It tests whether models can realize the preference
when given the full dialogue or a distilled repre-
sentation without importing unsupported source
content.

Existing benchmarks approach learning from di-
alogue in two ways: some test whether conversa-
tional information remains available for later rea-
soning (Maharana et al., 2024; Wu et al., 2025),
while others hand the model a profile or prefer-
ence record directly (Jiang et al., 2025; Zhao et al.,
2025). These settings do not jointly test whether
a preference can be induced from a natural dia-
logue and then applied to a different task without
importing unsupported content.

We introduce ProcessPrefBench using three
months of natural user—assistant dialogues from
Margin, a reading, annotation, and Al-discussion
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m a dialogue over an APl market analysis

“Nano/Flash models put price pressure on Anthropic and OpenAl APIs.”

[ User: “How are API calls distributed ]
| across companies and models?”

Assistant: proposes market-share
breakdowns: by company, by tier, by price...

everyone using these, and who is using them.”

THE REUSABLE STANDARD BEHIND THIS CORRECTION
Explain a product through who actually uses it, in what
workflow, for what problem: not features or market share.

USER CORRECTION
“What | actually care about is: how is

full

the April
preference,
carried forward

distilled - mem

six weeks later - a new dialogue

“Analyzes job postings across 800+ roles; 31-41% automatable.”
[ User: “Interesting: what is this? )
| Why is it designed this way?” )
no reminder of the April correction
|
A4

x what all three models did

v

v the standard transfers

Feature lists and market
numbers, under every
condition: distillation
kept a nearby “validate
with data” standard, not
the user’s sentence.

Explains the platform
through its users: which
companies post jobs, which
developers apply, who
pays and why.

the standard organizes the

answer - rubric 2/2 no mean exceeded 1.25/2

ProcessPrefBench: 66 such source—target cases mined from two users’ three-month real dialogue histories, validated by the preference owner.
The benchmark measures: does the assistant carry the April preference into the June answer?

Figure 1: A ProcessPrefBench case (translated from Chinese). An April dialogue establishes a reusable analysis
standard; six weeks later, the same user asks about a different product in a new dialogue without restating it.

Appendix D audits this case end to end.

product used primarily by knowledge workers. The
benchmark is an idiographic diagnostic instrument
focused on research, sensemaking, and decision
tasks from two users. Each case links a preference-
bearing source to a different task from the same
user; construction separately establishes that the
source supports a reusable standard and that the
standard should affect a target that does not restate
it.

ProcessPrefBench contributes a source-to-target
construction protocol, target-specific rubrics that
distinguish surface mention from functional inte-
gration, and an evaluation that separates preference
realization from severe task failure. The relevant
source is preselected for every case, so the exper-
iment tests application of a known-relevant dia-
logue rather than retrieval from a heterogeneous
history. Across three models, relevant history im-
proves preference realization, but distillation offers
no reliable advantage over full history and both
memory conditions increase fabricated-evidence
failures.

2 Related Work

Long-term-memory benchmarks test whether assis-
tants retain and reason over information distributed
across extended interactions. LoCoMo and Long-
MemEval cover extraction, temporal reasoning,
and knowledge updates across extended conversa-
tions, while MemoryAgentBench uses incremental
multi-turn interactions (Maharana et al., 2024; Wu
et al., 2025; Hu et al., 2025). These benchmarks es-
tablish whether information remains available over
time; ProcessPrefBench asks whether a dialogue
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also supports a reusable working standard.

Personalization benchmarks typically provide
the user signal more directly. PersonaMem studies
dynamic user profiling, LaMP evaluates person-
alized language-model tasks, and PrefEval tests
preference recognition and following (Jiang et al.,
2025; Salemi et al., 2024; Zhao et al., 2025). CU-
PID infers which contextual preference applies to
a new request in constructed interactions (Kim
et al., 2025), while AlpsBench builds personal-
ization tests from natural dialogues (Xiao et al.,
2026). ProcessPrefBench instead derives each stan-
dard from a natural correction, prescription, or self-
description and establishes its applicability to a
later target.

Learning preferences from interaction is a closer
setting. PRELUDE learns latent preferences from
user edits (Gao et al., 2024), and TRACE compiles
corrections into runtime enforcement rules (Zhou
et al., 2026); our focus is the evaluation problem of
tracing a source-supported standard into a different
task and distinguishing functional realization from
surface mention. Game-based evaluation measures
interactive ability through situated behavior rather
than similarity to reference text (Chalamalasetti
et al., 2023); our rubrics apply the same principle
to naturalistic collaboration by scoring functional
integration instead of surface mention.

External memory systems such as MemoryBank,
MemoryOS, and mem0 store and reintroduce infor-
mation outside the base model (Zhong et al., 2024;
Kang et al., 2025; Chhikara et al., 2025); HaluMem
studies hallucinations introduced by memory oper-
ations (Chen et al., 2025). A retrieved interaction



can mix a reusable process standard with earlier-
task content, so retrieval alone neither ensures trans-
fer nor prevents that content from entering target-
task claims.

3 Benchmark Construction

Data source. We collect three months of natural
interactions from two knowledge workers using
Margin, a webpage reading, annotation, and Al-
discussion product. Each trace retains the avail-
able reading context, user request, assistant re-
sponse, and subsequent user turns. Assistant re-
sponses came from locally installed Claude Code
and Codex at their then-default models; early traces
lack per-turn version logs, so the source model is
not always identifiable. For 13 cases with truncated
reading context, we restore verified source mate-
rial so that the evaluation does not force a choice
between fabrication and refusal.

Human source annotation. A source is retained
when the user’s words support a reusable standard
for future work, expressed through correction, pre-
scription, or self-description. Each user annotates
their own interactions and excludes factual repairs,
current-task-only requests, and scene-bound con-
clusions because they do not justify transfer beyond
the source task. Each retained case stores the in-
ferred standard, its supporting words, and the full
interaction as auditable evidence.

Human target pairing. Source annotation does
not determine a valid target. For each source, the
preference owner separately judges another same-
user task. A pairing is retained when the target does
not repeat the preference but applying the source-
supported standard should improve the answer. Re-
view also records order, cue strength, material and
tool availability, and evaluability. This procedure
rejects topical similarity alone and prevents source
validity from making target applicability automatic.

Rubric construction. Each case contains one
to three source-anchored preference atoms with
target-specific criteria for not applicable, 0, 1, or
2. A criterion is not applicable when its trigger
is absent from the target. A score of 0 marks an
absent or contradicted preference, 1 marks local or
cosmetic realization, and 2 requires a functional
change to the answer’s reasoning, organization,
conclusion, or delivery. This progression mea-
sures whether the remembered standard changes
the answer rather than whether the answer merely
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mentions it. One Al research assistant drafted the
target-specific criteria under a frozen specification,
followed by owner spot checks. Appendix D gives
two end-to-end case audits.

A separate task gate marks severe omission,
major factual error, fabricated evidence, hard-
constraint violation, or a false claim of external
execution. Task failure does not overwrite the pref-
erence score: keeping the two judgments separate
prevents a personalized but unusable answer from
counting as success and prevents lack of personal-
ization alone from becoming a general task failure.
Among these failure types, fabricated evidence car-
ries our second headline result. The gate assigns
this label when an answer presents specific claims
about papers, people, data, citations, or links as
established evidence that the target-side materials
do not support, or falsely claims an external action.
The label is operational. Because the gate does
not see the source, a carried-over detail and an in-
vented one receive the same label when neither has
target-side support.

Measurement audit. The benchmark changed in
response to three measurement checks. An ablation
supported removing descriptive reference answers
that did not clarify the target-specific rubric. A
controlled comparison exposed wording that fa-
vored injected preferences and led us to rewrite the
affected criteria. A material audit identified trun-
cated reading context that could induce fabrication,
motivating the verified restoration described above.

4 Evaluation

Conditions. All conditions share the system
prompt, page title, highlighted context, verified
supplied material when needed, and verbatim user
question. Target-only prompting adds no mem-
ory, while full-history prompting adds the complete
source interaction. For both distilled-preference
conditions, the tested model distills each source
once per source—-model pair and reuses the result.
Imperative prompting always applies it, whereas
conditional prompting applies it only when rele-
vant. The mem0O external-memory system extracts
from the source and retrieves against the target.
Conditional prompting is our variant rather than a
description of memO semantics.

Models and generation. We test DeepSeek V4
Flash, Qwen-Max, and GPT-40. Every case is gen-
erated twice for each model and memory condition.



The final run contains 1980 answers.

Judging. Claude Sonnet 4.6 serves in isolated
preference and task-gate roles; its model family is
disjoint from the tested models, which limits self-
preference bias (Zheng et al., 2023). Both roles see
the target, materials, and answer, but not the tested
model, condition, source interaction, or alternatives.
The preference judge also sees the rubric and casts
three evidence-citing votes per atom. A majority of
not-applicable votes excludes the atom; otherwise
we use the median applicable score. The task gate
sees validity checks without the preference rubric
and uses two votes plus a third on ties.

Judge validation. We audited the judge on 30 an-
swers, oversampling judge-flagged ones; two anno-
tators rated every answer blind to the tested model,
condition, and judge scores. Post-calibration hu-
man agreement is substantial (x = .72 on prefer-
ence atoms, .84 on the task gate), while agreement
with the judge is lower and the judge scores prefer-
ences more conservatively. The audit is diagnostic
rather than confirmatory, so the main effects remain
estimates under the benchmark judge; Appendix B
reports the protocol, full agreement table, and per-
annotator ratings.

Aggregation. An answer score averages its ap-
plicable atoms; model-condition means exclude
answers with no applicable atoms, and task failure
is reported independently. Primary comparisons
contrast imperative distilled-preference prompting
with target-only and full-history prompting: we
macro-average paired differences across models
with exact sign tests and report case-level cluster-
bootstrap 95% confidence intervals (10,000 resam-
ples). Conditional distilled-preference prompting
is descriptive because every formal case is an in-
tended positive match.

5 Results

Preference transfer. Access to user-specific his-
tory improves preference scores over target-only
prompting. Across models, imperative distilled-
preference prompting exceeds target-only prompt-
ing by 0.244 points (95% CI1 [0.177,0.313]; 48/8/9
wins/ties/losses; exact sign p < .0001), with
positive effects for DeepSeek V4 Flash (+0.427),
Qwen-Max (+0.114), and GPT-40 (+0.192). Full-
history prompting gains 0.204 points over target-
only prompting (95% CI [0.143,0.269]; 44/12/9;
p < .0001).
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Figure 2: Preference-score and fabricated-evidence
changes from target-only prompting across model—
condition pairs.

Distillation does not yield a reliable preference-
score advantage over full history. The difference
is +0.026 (95% CI [—0.034, +0.087]; p = .451),
with model-level effects of +0.080 for DeepSeek
V4 Flash, —0.058 for Qwen-Max, and +0.071 for
GPT-40." This does not establish equivalence; the
representations’ relative preference effects remain
unresolved. The memO cell means exceed target-
only prompting for DeepSeek V4 Flash and GPT-
40 but not for Qwen-Max.

Task validity and factual reliability. A
preference-score gain does not guarantee answer
validity (Figure 2). Imperative distilled-preference
prompting raises the overall task-failure rate
from 15.2% to 18.9% relative to target-only
prompting, although the difference is not conven-
tionally significant (exact McNemar p = .086).
Fabricated-evidence failures rise from 5.8% under
target-only prompting to 10.4% under imperative
prompting, a difference of 4.5 percentage points
(95% CI [+2.0, +7.6]; exact McNemar p = .006).
Full-history prompting shows a similar increase,
from 5.8% to 10.1% (difference 4.3 points;
95% CI [+1.0,+47.8]; p = .010), while the two
memory conditions differ by only 0.3 points
(p = 1.0). The increase is largest for Qwen-Max
under imperative distilled-preference prompting
(+9.1 points, p .004), while GPT-40 shows
no same-direction increase. The plotted memO
comparison also shows an 8.3-point increase in
fabrication (p = .019). Appendix E gives one

'The gains of 0.244 and 0.204 are computed over the 65
cases with an applicable target-only score, so their difference
is 0.040 on that common subset. The direct imperative-versus-
full-history comparison includes one additional case for which
all target-only answers had no applicable rubric atom; its
case-level imperative-versus-full-history difference is —0.875,
reducing the 66-case mean to 0.026.



DeepSeek V4 Flash

Qwen-Max GPT-40

Preference Task failure Preference Task failure Preference Task failure

rate

score rate score rate

Condition score
Target-only prompting 0.79
Full-history prompting 1.15
Imperative distilled-preference prompting 1.23
Conditional distilled-preference prompting 1.11
mem0 external-memory system 1.06

8.3% 0.62 13.6% 0.47 23.5%
9.1% 0.77 23.5% 0.59 14.4%
14.4% 0.73 22.7% 0.66 19.7%
8.3% 0.61 18.9% 0.58 23.5%
15.2% 0.59 21.3% 0.49 22.6%

Table 1: Preference score (higher is better) and task-failure rate (lower is better).

flagged example from each memory condition;
in both, the answer supplies exactly the kind of
specific evidence the transferred standard rewards,
without support in the target-side materials.

Method-level interpretation. The interfaces
leave different parts of the transfer problem un-
resolved: full history and imperative distillation
both raise preference realization yet carry the same
fabrication risk, conditional distillation suppresses
intended positive matches, and mem0O yields no
consistent gain. No evaluated interface combines
reliable preference transfer with preserved factual
reliability, and autonomous selection from long
histories remains untested.

Robustness and scope. The main comparison
between imperative distilled-preference prompting
and target-only prompting remains positive sep-
arately for userl and user2, after excluding the
three temporally inverted cases, under source- and
target-cluster aggregation, and when restricting the
analysis to normally terminated generations (Ap-
pendix C). Corresponding comparisons with full-
history prompting remain non-significant. These
checks support history access within the two-user
benchmark but do not resolve the relative value of
distillation or establish population-level effects.

6 Conclusion

Natural human—AlI dialogue carries evidence of
how a user wants work done. ProcessPrefBench
turns this evidence into 66 cross-task cases through
separate judgments of source evidence and target
applicability. Across three models, relevant history
improves preference realization, yet the failures are
separable: a system may preserve the wrong stan-
dard, fail to realize a correctly preserved one, or
import remembered content as unsupported target
claims. Reliable process-preference transfer there-
fore requires more than retrieving or summarizing a
relevant interaction, and ProcessPrefBench makes
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progress toward it measurable.

Limitations

ProcessPrefBench is an idiographic benchmark
based on two knowledge workers using one prod-
uct. Its imbalanced 52/14 case split and concentra-
tion in research, sensemaking, and decision tasks
bound its scope. The 66 cases draw on 30 correc-
tive sources and 59 distinct targets; thus, bootstrap
intervals capture within-benchmark variation rather
than population uncertainty, although source- and
target-cluster analyses preserve the main direction.
Because each case supplies the relevant source, the
benchmark tests cross-task preference application,
not retrieval from heterogeneous histories.

The human judge audit is diagnostic. It covers
30 answers from 10 target groups, includes an anno-
tator who is both a preference owner and an author,
and reports post-calibration agreement on the cal-
ibration items themselves. The enriched sample
does not validate the between-condition fabrica-
tion contrast. Residual disagreements center on
domain-knowledge-intensive answers, where the
non-expert annotator scores systematically higher.
Headline effects should therefore be read as effects
under the benchmark judge.

Ethics and Privacy

The corpus contains natural interaction traces from
a user who is also an author and an independent
user. Candidate inclusion does not constitute re-
lease permission. Before releasing any material
from these interactions, we confirm participant con-
sent and review each item for privacy, provenance,
and redistribution rights. Gated access does not
replace de-identification.

Data and Code Availability

The public artifact at https://github.com/
getupyang/ProcessPrefBench currently in-
cludes the benchmark definition; construction


https://github.com/getupyang/ProcessPrefBench
https://github.com/getupyang/ProcessPrefBench

and evaluation protocols; a public case schema; a
synthetic demonstration case; a data card; privacy
documentation; licensing and citation metadata;
and a release validator. We are preparing the
frozen prompts, evaluation and aggregation code,
and de-identified per-answer audit records for
release; each artifact must first be reviewed for
private paths, provenance, and content. We will
release natural interaction cases only after the
ethics review above. We will not distribute raw
histories, identity mappings, private URLs or paths,
consent records, or internal answer keys.
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A Scoring Protocol

Preference score. The preference judge scores
each target-specific atom independently. N/A
means that the atom’s trigger is absent and is ex-
cluded rather than scored as zero. A score of
0 marks an absent or contradicted preference; 1
marks nominal, local, or cosmetic realization; and
2 requires the preference to change the answer’s
reasoning, organization, conclusion, or delivery.
Each vote must cite answer evidence. Three votes
are collected per atom; a majority of N/A votes
excludes the atom, and otherwise the median appli-
cable score is used.

Task gate. The separate task gate flags only se-
vere unusable errors: non-answer, major factual er-
ror, fabricated evidence, hard-constraint violation,
or a false claim of external execution. Missing per-
sonalization alone is not a task failure. The gate
uses two votes and a third on ties, without access
to the preference rubric.

B Human Calibration of the Judges

The diagnostic sample contains 30 answers drawn
with a fixed random seed from 10 target groups,
stratified across tested models, memory conditions,
and judge score bands; because the answers share
target groups, they are not independent at the case
level. It deliberately enriches judge-flagged an-
swers, so its class proportions do not estimate
benchmark prevalence. Human annotators saw
the same target, material, rubric, and answer as
the corresponding judge, but not the tested model,
memory condition, or judge output. They assigned
0, 1, 2, or not applicable to each preference atom
and a binary task-gate judgment with a failure type,
first scoring independently, then discussing scale
boundaries and rescoring the same items. Initial
preference agreement was linear-weighted k = .27;
Table 2 reports the post-calibration ratings, where
the annotators agree on 29/30 task-gate judgments
(97%) and reach 80% exact agreement on prefer-
ence atoms (95% target-group cluster-bootstrap in-
terval for x: [.52,.87]; n = 44 atom pairs; 10,000
resamples). Because severe failures are rare and
the sample has only 10 clusters, raw agreement is
the primary task-gate figure.

Mean preference ratings are 1.02 and 1.03 for
the two annotators and 0.83 for the judge. Failure-
subtype labels were not reconciled across annota-
tors; the audit therefore supports only the overall
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Comparison n Kk 95%CIl Exact

Preference atoms (linear weighted)

Human 1-Human 2 44 .72 [.52,.87] 80.0%
Human 1-Judge 45 .52 - 60.0%
Human 2-Judge 44 53 - 63.6%
Task failure

Human 1-Human 2 30 .84 - 96.7%
Human 1-Judge 30 .37 - 73.3%
Human 2-Judge 30 .29 - 70.0%

Table 2: Agreement on post-calibration ratings. Task-
failure positive counts are 4 (Human 1), 3 (Human 2),
and 12 (judge). These values are not held-out inter-rater
reliability.

task-gate comparisons in Table 2, not subtype-level
agreement or the between-condition fabrication
contrast.

C Robustness Analyses

Table 3 expands the checks summarized in the Re-
sults. Differences are computed after averaging
the two generations within each case-model cell.
Exact sign tests exclude ties.

Comparison Check n  Diff. P
Imp. — TO userl 51 +0.194 <.0001
Imp. — Full wuserl 52 +0.020  .8601
Imp. — TO user2 14 +0.429  .0034
Imp. — Full user2 14 +0.051  .3877
Imp. — TO excl. inversions 62 +0.252 <.0001
Imp. — Full excl. inversions 63 +0.030 .3604
Imp. — TO  source clusters 30 +0.268 <.0001
Imp. — Full source clusters 30 +0.046  .4049
Imp. — TO target clusters 58 +0.249 <.0001
Imp. — Full target clusters 59 +0.024 2559
Imp. — TO normal termination 52 +0.274 <.0001
Imp. — Full normal termination 52 +0.038  .7283

Table 3: Sensitivity analyses for the primary imperative
distilled-preference comparisons. TO denotes target-
only prompting and Full denotes full-history prompting.

D End-to-End Case Audits

This appendix audits two cases end to end, one
from each user (translated from Chinese, with com-
pany and person names redacted pending release
review; the original texts accompany the planned
data release). The first, the Figure 1 case, is a trans-
fer failure with a mechanism diagnosis; the second
is a successful functional transfer under the same
protocol. Both audits follow the same path: the
scene, the user’s own words, the annotated stan-
dard, the later task, the rubric, contrasting answers
with judge rationales, and a verdict. Every atom



carries the user’s verbatim words as its source an-
chor. One shared rule applies throughout: when an
atom’s trigger is absent from the target or the an-
swer, the atom is marked N/A and excluded, never
scored as a zero.

D.1 A transfer failure: the Figure 1 case

Source correction (April 25). The user, a prod-
uct manager by background (self-described), is
reading a market analysis of LLM API pricing and
asks for the distribution of API call volume across
companies and models. The assistant proposes a
research plan organized around market share and
data-credibility tiers. The user replies: “What I
actually care about is how everyone is using these,
and who is using them.”

Annotated preference (USER_CONFIRMED).
The corrective intent is to look through the phe-
nomenon to what lies beneath: the user portrait
behind a product. The user consistently unpacks
products through who uses them and how, and ex-
pects this kind of answer across many questions.

Target question (June 5). Six weeks later, read-
ing a digest item about Job for Agent (a hiring plat-
form where enterprises post automatable tasks and
Al-agent developers submit agents to “apply”), the
user asks: “This is quite interesting—what is this
for? Why is it designed this way?” The question
does not mention the April interaction.

Preference atom 1 (how it is used). Criterion:
when analyzing a product, market, or model-usage
question, the assistant should explain how specific
users use the object, in which workflow or sce-
nario, and what problem it solves, making real us-
age the basis for explaining product value or market
phenomena—rather than stopping at feature lists,
market share, or abstract scenario labels. Score 0:
no account of how users actually use it or what
problem it solves; the answer is mainly a list of
features, market facts, or macro trends. Score 1:
mentions usage scenarios or purposes, but stays
at labels such as “used by enterprises” or “for au-
tomation”, without unfolding how users work with
it in which workflow and what concrete problem
it solves. Score 2: uses at least one concrete user
workflow to show in what situation users do what
and solve which problem, and grounds the core
analysis of value, design, or market difference in
that usage.
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Preference atom 2 (who uses it). Criterion: the
assistant should say who uses it—identify the con-
crete user roles or portraits relevant to the phe-
nomenon and explain their goals, constraints, or
payment relations—rather than only using broad
labels such as “enterprises”, “developers”, or “con-
sumers” that cannot explain differences. Score 0:
no actual users identified, or users written generi-
cally without any distinguishing feature. Score 1:
names one or more user roles but only names them,
without explaining why these users use it, what
constraints they face, or why different users choose
differently. Score 2: identifies the relevant user
roles or portraits and uses their goals, constraints,
working styles, or payment relations to explain us-
age choices, product design, or market differences;
the portrait enters the core argument.

Answer excerpts (DeepSeek V4 Flash). Each
condition was sampled twice; atom scores
(atom 1/atom 2) are given per sampled answer. The
three excerpts contrast the answer without memory,
a functional realization of the standard (score 2),
and a nominal realization (score 1).

The answer without memory (target-only con-
dition; both samples scored 1/1): “The high-
lighted passage comes from a product called Job for
Agent—a hiring platform for Al agents rather than
people. For enterprises: publish tasks suited to Al
automation, such as ‘scrape competitor prices daily
and generate a report’. For Al developers: submit
your agent to ‘apply’ for these tasks; the platform
provides 80+ task templates. Why this design? (1)
It fills a market gap: traditional hiring platforms
serve humans, and agents lack a dedicated job mar-
ket. (2) It lowers the enterprise barrier: post a task
and ‘hire’ a ready-made agent instead of building
Al tooling.”

The answer that reached a 2 (full-history con-
dition; second sample scored 2/1, first 1/1): “En-
terprise side: publish a task suited to Al automa-
tion, such as ‘crawl competitor prices daily and
generate an Excel report’, ‘auto-reply to common
customer-support tickets’, or ‘monitor server logs
and alert on anomalies’; the platform provides 80+
task templates, plus an automation calculator that
analyzes the posted job description and estimates
how much of it can be automated, helping the enter-
prise decide whether the task is worth handing to
an agent. .. Developer side: register as an Al devel-
oper (680+ so far) and submit your agent to ‘apply’
for a task, the way a job seeker submits a resume. . .



Why this design? The founder’s candid admission:
95% of scenarios do not need a full agent—most
enterprises need ‘a script that runs every morning,
moves data from A to B, then sends an email’. So
the platform encourages one task, one agent, rather
than a general Al colleague, which lowers both the
development barrier and the enterprise trust barrier:
task boundaries are clear, and failures are easy to
fix.” One judge vote explains the 2 on atom 1: the
answer gives at least one concrete user workflow
showing how enterprises actually use the platform,
and grounds the design analysis in that usage.

The answer under the distilled preference (imper-
ative condition; both samples scored 1/1): “Here is
a breakdown starting from your analytical prefer-
ences. .. Credibility note: the numbers come from
the product itself (self-promotion risk), but ‘800+
jobs analyzed’ is a publicly verifiable statistic—
medium-high credibility... Dimension one: com-
pany/product positioning. .. Dimension two: tiers
and scenarios—high automation potential: repeti-
tive, rule-clear tasks (data scraping, report genera-
tion). .. Dimension three: data-validation direction:
cross-checking with third-party routing data would
show...”

Judge rationales for the score-1 verdicts (im-
perative condition). Atom 2, one of three
votes: “The answer identifies two user roles (task-
publishing enterprises and agent developers) but
only names them: it does not explain which kind of
enterprise would choose this platform under what
constraints, what motivates the developers, or how
the two-sided payment relation works—the user
portrait never enters the core argument.” Atom 1,
another vote: “‘Repetitive, rule-clear tasks such
as data scraping and report generation’ is a scene
label, not a concrete user workflow.”

Diagnosis. The distilled memories locate the fail-
ure. All three tested models compressed the April
interaction into its neighboring data-credibility
standard. DeepSeek: “prefer real call data over po-
sitioning inference, tier the credibility of sources”;
Qwen-Max: “verify positioning inferences with
real data, value data credibility and provenance”;
GPT-40: “validate hypotheses with data, cross-
check multiple sources”. None preserved the user’s
own sentence about how and by whom the object
is used. The imperative condition then faithfully
executed the wrong standard: the answer above per-
forms credibility tiers and verification dimensions
while both preference atoms stay at score 1. The
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pipeline did not fail to remember; it remembered
the adjacent preference.

D.2 A successful transfer: reusable judgment
frameworks

Scene and source exchange (May 18). The sec-
ond user works in post-investment analysis at an
investment firm (self-described). She is reading an
interview in which a hardware-company founder
says he cares about only two questions when enter-
ing a product category (is there real user value, and
is the person in charge right). She asks why these
two questions matter, then builds on the assistant’s
explanation: “This ‘worth doing + this person can
do it’ summary is good. My thinking is scattered,
and I want to accumulate judgment and cognitive
frameworks; we should keep abstracting them from
all kinds of information. When a framework is ab-
stract, add cases.” When the assistant proposes
candidate frameworks, she pushes further: “When
dimensions are not orthogonal, you can also split
the smaller branches beneath them; we want the
frameworks as accurate and explainable as possi-
ble. .. the core goal is to improve my judgment of
people and things in a logical, systematic way.”

The standard the user established
(USER_CONFIRMED). Scattered reading
should be abstracted into reusable judgment
frameworks; frameworks should be refined over
time and supplemented with concrete cases;
the ultimate goal is improving the user’s own
judgment, not mechanical summarization.

The target task (June 11). Weeks later, reading
an article about a consumer-hardware company’s
investment structure (the company supplies 20%
of each fund as general partner, local-government
funds supply 80% as limited partners, and the com-
pany holds full investment control), the user asks:
“Where are the pros and cons of this model?” The
question does not mention the earlier exchange.

What the rubric rewards. The owner-confirmed
criteria operationalize what counted as a usable
framework in this exchange: named dimensions,
the conditions under which a judgment holds or
flips, and concrete cases. Afom I: when the user
asks for the pros and cons of a business model,
organize them into structural dimensions (capital,
incentives, risk transmission), giving each dimen-
sion the condition under which it flips, rather than
two flat lists. Score 0: two-column pros-and-cons



bullets, no structure, no conditions. Score 1: di-
mensions, but without the conditions under which
they reverse, or without cases. Score 2: structural
dimensions plus flip conditions, with concrete in-
material events as cases, transferable to judging
similar models. Atom 2 (evidence boundary): if
the answer extends beyond the provided material,
extensions must carry a source or an explicit unver-
ified marker; inventing external cases or numbers
scores 0.

The answer without memory (target-only con-
dition; second sample, scored 0). “Pros: 1. For
the company (GP): leverage four times the cap-
ital with a 20% stake, hold 100% of investment
decisions, and take 20% of the upside on suc-
cess. 2. For local governments (LP): a fast way to
meet investment-attraction targets and gain a ‘tech
unicorn’ badge... Cons: 1. Risk and return are
severely mismatched. .. 2. Distorted incentives. ..
3. Doubtful sustainability. ..” The judge’s rationale
for the 0: a standard two-column pros-and-cons list;
no structural dimensions, no flip conditions, and
the in-material facts appear only as isolated bullets.

The answer under the distilled preference (im-
perative condition; both samples scored 2).
The second sample organizes the same facts into
named dimensions, each carrying the condition un-
der which it reverses: “(1) GP capital efficiency:
20% of own capital leverages a fourfold position. ..
(2) LP risk-return inversion: the LP bears 80% of
the downside with only nominal oversight. .. If the
GP’s true success rate is high, say above 80%, the
LPs’ 80% exposure is actually controllable. .. (3)
Asymmetric incentives: success pays the GP 20%
of the upside while failure costs it only 20% of
the loss, which pushes the GP toward high-failure,
high-payoff bets... A falsifiable rule: whoever
bears the largest risk should hold the largest con-
trol; when control and risk diverge, the structure
distorts. .. Sustainability depends on whether the
GP can genuinely select projects and whether the
LPs can audit after the fact.” The judge’s rationale
for the 2: the answer names structural dimensions,
gives each the condition under which it reverses,
uses in-material events as cases, and the resulting
framework transfers to judging similar models. The
separate task gate raises no flag on any answer in
this case: every extension stays within the provided
material.
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Verdict. The facts available to both answers are
identical; what the transferred standard changes
is the organization of judgment, from a flat list
to a reusable framework, which is what a 2 re-
quires. Averaged over the three tested models, this
case rises from 0.17 under target-only prompting
to 1.33 under imperative prompting, the largest
paired gain in the benchmark, with no fabricated-
evidence flag; here the distilled standard also out-
performed the full interaction. Unlike the first au-
dit, the distilled memory preserved the intended
standard: DeepSeek’s summary reads “abstract
transferable cognitive frameworks and judgment
rules from conversations rather than staying at
specific information; value orthogonality, explain-
ability, and falsifiability; supplement with cases
and counterexamples.” The two audits differ only
in what the distillation kept.

E Fabricated-Evidence Examples

The two examples show the two forms the oper-
ational definition names, one from each memory
condition: an answer that invents external evidence
of the kind the transferred standard rewards, and
an answer that carries names from the source dia-
logue into unsupported attributions. Neither exam-
ple claims the details are false in the world; what
the gate records is that they have no support in the
materials the answer was supposed to draw on.

Invented reports serving the injected standard
(imperative prompting). The first user is read-
ing a daily digest of trending open-source reposito-
ries. In the source exchange four days earlier, she
had asked for research on a tool that interested her
and corrected the assistant for staying inside the
article; the annotated standard asks for verified in-
formation beyond the provided material rather than
a restatement of it. Now she asks about a repository
that has trended for two days running: “If has been
on the list two days in a row; introduce it in detail.”
The digest entry lists the repository at 26.4k stars.
Under imperative prompting, Qwen-Max supplies
exactly the beyond-material evidence the standard
rewards: it cites a Medium post-mortem credit-
ing the project with 110,000 stars in three months
and 28 consecutive days atop the weekly ranking,
and an AlphaSignal report of over 140,000 stars.
None of these reports appear in the packet, and the
claimed figures contradict the 26.4k stars on the
same page. The answer receives a preference score
of 2 and a separate fabricated-evidence flag; this



case draws fabrication flags under every condition,
including no memory.

Source names carried into unsupported attri-
butions (full-history prompting). The same
investment-analyst user is reading a portfolio
overview of a venture firm. She first asks which
partner invested in one Al-pharmaceutics company
the article mentions; the assistant offers a guess
about coverage areas and two lookup paths (check
the shareholder registry; search the original fund-
ing announcement). She corrects it: “Don’t give
me the path; I need you to follow the path and
give me the name as the answer.” The annotated
standard: verifiable questions should be answered
with the answer itself, sources attached, and un-
available items marked as such. Later in the same
reading, she asks which named partner led each
of roughly fifteen portfolio investments; the target
packet names only the firm’s founding partner and
attributes no individual investments. Under full-
history prompting, DeepSeek V4 Flash assigns a
named partner to every company, complete with
investment years, rounds, and quoted public state-
ments; the only partner names available to it come
from the source exchange and the packet, and its
two generations assign different partners to sev-
eral of the same companies. The preference judge
scores the give-the-answer atom 2 (every item re-
ceives a name) and the honesty atom 0 (nothing is
marked unavailable, no sources attached); the task
gate flags fabricated evidence.

The first answer invents external reports; the
second reuses names from the source dialogue as
scaffolding for invented attributions. In both, the
answer supplies exactly the kind of specific evi-
dence the transferred standard rewards, and the
materials in front of the model support none of it.
Two examples cannot show that memory caused
these details; that comparison belongs to the paired
rates in the Results.
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Abstract

Dialogue-game benchmarks usually pair a
model with itself, and the resulting self-play
score is treated as a measure of that model’s
ability. We test whether self-play scores mea-
sure partner-independent ability by comparing
them with cross-play evaluations. Across nine
Clembench games, we evaluate every possi-
ble seating of three popular open-weight mod-
els. The cross-play reading exposes additional
model strengths and weaknesses that are not
detectable in self-play. In four of nine games,
a mixed pair of two different models beats the
best self-play score; in another four cases, a
model does better paired with itself than paired
with the strongest available partner. Look-
ing at the transcripts, two mechanisms ex-
plain most of this: some pairs succeed because
one partner writes more detailed messages that
keep the interaction on track, while some self-
play scores are inflated because both copies of
a model make the same mistake and agree by
accident.

1 Introduction

Dialogue games have emerged as an informative
paradigm for evaluating chat-optimized language
models. Rather than solving static test items, mod-
els engage in goal-directed conversations in which
each generated utterance constitutes an action to-
ward completing a shared task. Chalamalasetti
et al. (2023) introduce Clembench, a benchmark
of dialogue games spanning both asymmetric in-
teractions, where players have distinct roles such
as clue-giver and guesser, and symmetric interac-
tions like negotiation and debate, where both play-
ers have the same role. In the standard evalua-
tion setup, both player roles are filled by the same
model. The resulting self-play score is then inter-
preted as a measure of that model’s capability.
Recent work suggests that the self-play read-
ing of LLM players deserves more scrutiny than
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it usually gets. Models recognize and favor gen-
erations resembling their own (Panickssery et al.,
2024) and models increasingly make the same
mistakes (Kim et al., 2025). The overlap in the
types of mistakes grows with model capability
even across model classes (Goel et al., 2025). A
self-play score rewards agreement, but this agree-
ment may stem from shared errors rather than
shared competence. In language-based games, this
issue is even more pronounced because language
itself serves as the coordination medium. Align-
ment or misalignment between partners does not
just occur at the level of high-level strategy, but
from the way each model produces and interprets
utterances.

We contribute an empirical data point to this
debate: a complete cross-play and self-play eval-
uation of three open-weight models from differ-
ent providers and architecture families (QWEN,
GEMMA, MINISTRAL) across nine Clembench di-
alogue games. We analyze the resulting perfor-
mance matrix against two prior expectations that
are based on the assumption that scores reflect
partner-independent competence.

E1 (Symmetric Roles): Self-play performance
represents a baseline of capability. A
more competent partner should consistently
improve the joint score.

E2 (Asymmetric Roles): A model with a distinct
strength in one role should consistently ele-
vate its partner.

We find that E1 and E2 largely hold as base-
lines, and E2 reveals a split that self-play cannot
expose: role-specific strengths vary across mod-
els. For example, GEMMA outperforms QWEN
as the clue-giver in three separate games, while
the nominally weakest model, MINISTRAL, excels
as a guesser for high-frequency words because its
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narrow vocabulary focus prevents it from over-
thinking the clues.

We also find aligned errors where successful co-
ordination does not reflect true competence, vio-
lating E2 and creating a self-play advantage over
playing with the best available partner.

2 Related Work

From multi-agent reinforcement learning, we
know that self-play policies coordinate through
private conventions that do not necessarily trans-
fer to novel partners (Hu et al., 2020; Bard et al.,
2020; Kottur et al., 2017). While such conventions
are expected when policies are trained together,
LLMs evaluated on dialogue games typically have
no game-specific joint training. Nonetheless,
modern LLMs are frequently fine-tuned on their
own generated outputs (Huang et al., 2023; Wang
etal., 2023). This self-training regime may implic-
itly result in model-specific conventions and self-
preference biases, making the study of cross-play
dynamics relevant to understanding how these
models coordinate.

A growing number of works investigate com-
municative multi-agent solutions to solve complex
tasks. Notably, most of these works use multiple
copies of the same model to build a community of
players (Wang et al., 2024; Park et al., 2023; Liang
et al., 2024). An important exception is Bianchi
et al. (2024), who analyzed cross-play in a nego-
tiation setup, let different models negotiate with
each other, and found that who sits across the table
substantially changes the outcome, with weaker
partners dragging results down.

3 Setup

Models. We use three open-weight instruction-
tuned models from three providers: QWEN
(Qwen3.5-27B Qwen Team, 2026), GEMMA
(Gemma 4 12B-IT Gemma Team, 2026), and
MINISTRAL  (Ministral-3-14B-Reasoning-2512
Mistral Al, 2025). Models are invoked through
Clembench’s model interface with uniform
greedy decoding (temperature 0.0) for every
request, so any behavioral difference between
models is not a sampling artifact. QWEN and
MINISTRAL are reasoning-capable models.
Both are run without eliciting their reasoning
mode: QWEN’s chat template is called with
enable_thinking=false, MINISTRAL’S
reasoning channel is parsed out via a dedi-
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cated reasoning parser and is never prompted
for thinking. In the tables, gw, ge, and mi
denote Qwen3.5-27B, Gemma 4 12B-IT, and
Ministral-3-14B-Reasoning-2512,  respectively;
the corresponding run labels are qwen3.5-27b,
gemma—-4-12b,and ministral-14b.

Games. We evaluate on nine Clembench dia-
logue games spanning two role structures. Five
have asymmetric roles, where the two seats per-
form different jobs: TABOO (describer/guesser,
60 instances), REFERENCEGAME (expression-
generator/answerer, 90), CODENAMES (clue-
giver/guesser, 130), IMAGEGAME (instruction-
leader/follower, 40), and WORDLE_WITHCRITIC
(guesser/critic, 30). Four have symmetric roles,
where both seats do the same job: CLEAN_UP
(27), DOND (40), MATCHIT_ASCII (40), and
HOT_AIR_BALLOON (36). In every game, Pl
starts the interaction. In the symmetric games, P1
and P2 have the same role, and the labels indi-
cate turn order. In the asymmetric games, P1 is
the first role listed above—describer, expression-
generator, cluegiver, instruction-leader, or guesser,
respectively—and P2 is the corresponding sec-
ond role. Although the roles in the symmetric
games are identical, turn order can significantly
affect performance (e.g., by determining which
player makes the first offer in negotiation). For
more detailed descriptions of the games, see Cha-
lamalasetti et al. (2023).

Token and context budgets. Each game used
greedy decoding and a 1024 token limit except
for three games: for HOT_AIR_BALLOON, REFER-
ENCEGAME and WORDLE_WITHCRITIC the maxi-
mum number of tokens was set to 4096. The max-
imum size of the context was capped at 65,536 to-
kens. We count any episode whose full dialogue
history exceeds it as an abort with no score, on the
grounds that failing to converge within the budget
is itself a form of failing at the task.

Metrics. Each game-specific Clembench score
ranges from 0 to 100. For example, WOR-
DLE_WITHCRITIC combines success and speed,
whereas REFERENCEGAME’s score is its success
rate (for all definitions, see Chalamalasetti et al.,
2023). We distinguish between aborted episodes
due to protocol violations and played episodes.
We only treat a result as robust if it holds under
three views: quality, the mean score over played
episodes (blind to abort-rate differences); clem-



Game Pair Clemscore ~ AP1 AP2
taboo ge>qw 77.7 +2.2 +4.3
codenames gerqw 39.2  +11.5 +154
dond qw > ge 83.3 +36.1 +6.9
matchit_ascii  ge>qw 97.5 +15.0 +5.0

Table 1: Synergy: mixed pairs whose score beats both
component models’ own self-play score. API1/AP2:
points over Player 1’s / Player 2’s respective self-play.

score, the mean score with aborted rounds enter-
ing the mean with a score of 0; and matched in-
stances, quality recomputed only over the instance
IDs played in all compared cells, which removes
any selection effect from one pairing aborting on
harder instances than the other. Matched-instance
sample sizes range from n=0 to n=76 depending
on the game and pairing. The full matrix under
each of the three views is reported in Appendix A.

4 Results

We now present a subset of the full results, focus-
ing on cases where pairing models from different
families reveals mechanisms that self-play scores
alone cannot expose. The complete 9 x 9 game-
by-pairing matrix under all three metrics from §3
is given in Appendix A: quality (Table 4), clem-
score (Table 5), and matched instances (Table 6).

First, we mention that three games in particu-
lar carry high abort rates that are worth explain-
ing before the case studies. In CODENAMES,
QWENas cluegiver drives abort rates of 43-52/130
episodes; this is because Qwen’s broad clues make
the receivers guess outside of the valid candidates.
In HOT_AIR_BALLOON, aborts come down to:
QWEN’s free-form reasoning buries the required
structured tags, and all 24 complexity/negotiation
episodes abort in every QWEN-containing run.
In IMAGEGAME GEMMAhas a high abort rate as
instruction-giver because it echoes the instruction
template itself rather than producing a drawing
command.

In Table 1, we display cases where cross-play
performance exceeds both self-play scores. This
allows us to address an interesting question: do
models design utterances for themselves? While
there is no explicit theory-of-mind mechanism
implemented in these models, we can still ask
whether a model is best at resolving clues gen-
erated by its own copy. Surprisingly, the answer
is no. QWEN tends to give high-level, abstract
clues, which is best attested by TABOO statistics:
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Game Pair Clemscore AP1 AP2
dond qw > mi 9.1 =381 —11.2
matchit_ascii  qw > mi 7175 —150 —10.0
matchit_ascii  mib>qw 750 —125 —175
matchit_ascii  mib> ge 70.0 —-17.5 —125
imagegame qw > mi 65.1 —31.2 —6.8

Table 2: Anti-synergy: mixed pairs whose score
falls below both component self-plays’ score. dond’s
QWEN D> MINISTRAL is the matrix’s strongest anomaly
and reverses to 33.8 when MINISTRAL speaks first in-
stead.

on average, it addresses 2.4 words at once, while
Gemma only targets 1.7. QWEN gets confused by
the abstract clues of its own copy and often hal-
lucinates invalid answers, yet is much more suc-
cessful when paired with Gemma’s more concrete
strategy.

In MATCHIT_ASCII, where players have to de-
scribe ASCII-grid patterns, the same GEMMA-as-
describer advantage holds over QWEN self-play.
GEMMA’s approach is similarly low-level as for
taboo and codenames: it describes the grid cell by
cell while QWEN’s high-level natural language de-
scriptions often contain inaccuracies and get mis-
understood (further examples in Appendix B).

In the negotiation game “dond”, QWEN typi-
cally negotiates successfully with its own copy in
text, but the player making the closing final ”[Pro-
posal: ...]” botches the deal by proposing the part-
ner’s share contradicting the discussed agreement.
The pairing QWEN > GEMMA combines QWEN’s
negotiation with GEMMA’s discipline of the for-
matted proposal generation, which results in the
best performance.

In Table 2 we display cases where self-play
performance exceeds both cross-play scores even
though the partners exhibit stronger performance
individually. These cases contradict our initial ex-
pectations (E1 and E2), under which being paired
with a stronger partner should improve perfor-
mance. MINISTRAL playing MATCHIT_ASCII is
the strongest case for this; the self-play advantage
exists purely because both copies of MINISTRAL
misread the ASCII grids in the exact same way,
agreeing that two grids match for entirely wrong
reasons. Similar aligned misinterpretations can be
found in the imagegame for MINISTRAL’s self-
play, but the models’ unrelated errors mask this
self-play advantage (see Figure 1 for an example
and Appendix B for more). These are clear exam-
ples of correlated error masquerading as success-



P1 (min14b) instruction: “Fill the second column with R”

minl4brminl4b (twin)

minl4bsqwen / minl4brgemma
score = 38. 0

Target score = 19.0/ 19.1

R R RRR X oo oo o R oD oO
R oo oR R oooo o R 0OODO
R oooR R oooo o R oooO
R oooR R ooaoo o R ooo
R R RRR R oooo o R ooDoO

=1 matches target == differs from target

Figure 1: MINISTRAL uses “’second column” to refer
to the first one and its own copy decodes it the same
way while GEMMA gets misled.

GEMMA QWEN MINISTRAL
high_en 65.8 65.3 69.7
medium_en 55.6 57.2 514
low_en 57.2 66.1 57.2

Table 3: Average taboo score in the guesser role, by
target-word frequency band, averaged over both part-
ners and self-play (aborts scored 0).

ful communication.

The QWEN-MINISTRAL pairing in imagegame
is another example of audience mismatch: the
lower-capability MINISTRALfails with QWENas
the latter gives highly compressed descriptions
that only the higher-capability GEMMAcan re-
solve.

Frequency effect of target words Not every
partner effect surfaces at the game level. MINIS-
TRAL is the best model in the guessing role in
taboo’s high-frequency range (Table 3: 69.7 vs.
65.8 for GEMMA, 65.3 for QWEN), plausibly be-
cause it is not thrown off by assigning high prob-
ability to rarer words. The effect is most strik-
ing in its best pairing: guessing for QWEN’s de-
scriptions, MINISTRALscores 95, 15 points above
Qwen’s own self-play score of 80 in the same
high-frequency range.

5 Discussion

Our evaluation set out to investigate the existence
of unexpected, systemic self-play advantage in di-
alogue games played by LLMs. We specifically
looked for dog-whistle-like patterns: a word or
phrasing whose success with a given partner could
not be derived from the optimal communicative
strategy the game itself demands.

We find clear evidence of such a self-play
advantage in only one specific condition with
our weakest tested model MINISTRAL. When
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the game involves an external grounding element
(such as ASCII grids), the MINISTRAL self-play
exhibits consistent, correlated errors. Because
both copies of MINISTRAL consistently misinter-
pret the grounding in the exact same way, com-
munication succeeds. This coordination falls apart
immediately in cross-play because a partner model
(like GEMMA) interprets the grounded reference
correctly, exposing the unconventional language
use of MINISTRAL.

Most patterns reported in this paper, however,
are readily interpretable within each game’s dy-
namics and are well explained by known commu-
nicative strategies without having to turn to deeper
model-specific anomalies. The best information-
givers are highly specific: GEMMA’s Codenames
clues stay close to a small set of candidates, and
its ImageGame instructions enumerate every cell
rather than compressing them into a single com-
mand. The best information-receivers are literal,
avoiding over-interpretation: MINISTRAL’s Taboo
guesses follow the common reading of a clue
rather than searching for a more abstract alterna-
tive, allowing it to outperform stronger partners
on high-frequency words. These differences re-
flect audience design: a speaker’s optimal mes-
sage depends on the addressee’s ability to recon-
struct what is left implicit (Naszadi et al., 2024).
QWEN’s REFERENCEGAME instructions are effi-
cient, but only for a capable listener. GEMMA’s
longer, exhaustive descriptions are safer but less
natural. Because Clembench rewards communica-
tive accuracy more than efficiency, this cautious
style is consistently favored.

The absence of stronger evidence for systemic
self-play advantage does not mean such effects do
not exist. Rather, the communication games con-
sidered here may not demand sufficiently sophisti-
cated language use for detecting such conventions.
In many settings, performance is still limited by
more basic communicative failures. For example,
in CODENAMES, hallucinated associations dom-
inate error more than any partner-specific clue
strategy would. If lower-level failures dominate
the error profile, there is little room to detect more
subtle ’secret handshake” patterns.

Limitations

We follow the standard Clembench evaluation pro-
tocol, including its recommended deterministic
decoding setup (greedy decoding with temperature



0). This means that each reported score is based
on a single realization of each game. Our analysis
does not capture the variability that may arise un-
der stochastic decoding. In addition, some bench-
mark games contain only a small number of eval-
uation instances, which limits the statistical power
of comparisons on individual games. Finally, our
analysis of language use relies on qualitative hu-
man annotation. Consequently, some factors con-
tributing to successful or unsuccessful coordina-
tion may not be reflected in our analysis or may
not align with the interpretations presented in the
discussion (Section 5).
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A Full result matrices

Tables 4—6 report the complete 9 x 9 game-by-
pairing matrix under the three metrics from §3:
Table 4 gives quality (abort-blind mean Main
Score over played episodes), Table 5 gives clem-
score (the same means with aborted episodes
scored 0), and Table 6 gives the matched-instance
view (quality recomputed only over instance IDs
completed by all nine pairings). Blank cells mark
pairings or games with zero completed or zero
matched episodes.

B Transcript excerpts

MATCHIT_ASCII with MINISTRAL Figures 2
and 3 give examples of correlated errors by
MINISTRAL.

Grid (identical for both players)

o X X X X

o X X X X
o X X X X
o X X X X
0O 0O 0o o o

PL DESCRIPTION: A 5x5
colum filled with
the remaining four
X's.

PL DESCRIPTION: A 5%5 g PL DESCRIPTION: A 5
cotumn filled with ) and colum filled wit
the resaining T the renaining fou
x's. x's

the first P2 DESCRIPTION: A 5x5 grid where the first

P2 DECISION:

P2 DECISION: same grid P2 DECISION: sane gri

PL DECISION: sane gri

PL DECISION: different grids PLDECISION: different grids

P2 = minl4b P2 = qwen P2 = gemma

Figure 2: Two MINISTRAL instances give the same in-
correct description of a grid and agree that the grids
match. The error is exposed in cross-play, where the
partner detects it in the dialogue.
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Grid (identical for both players)

X X X X X

(s]
X o
o

X X X X

X
X
X
X

X X

PL DESCRIPTION: A 5x5

rder of Pl DESCRIPTION:
X's on all

s border of  PL DESCRIPTION: A 5x5 g

P2 DESCRIPTION: A 565 P2 DESCRIP

P2 DECISIO ent grids

P2 DECISION: P2 DECISION: different

P1 DECISION: different grids
P1 DECISION: sane grid PL DECISION: different grids

P2 = minldb P2 = qwen P2 = gemma

Figure 3: Two MINISTRAL instances give the same in-
correct description of a grid and agree that the grids
match. The other model does not detect the incorrect
description, and the interaction fails for both partners.

GEMMA advantage over QWEN as P1 Fig-
ures 4-5 give two REFERENCEGAME instances
where GEMMA'’s detailed, enumerative expression
lets MINISTRAL pick the target while QWEN’s
compressed expression sends MINISTRAL to a
distractor. Figures 6 and 7 show two further exam-
ples contrasting MINISTRAL and GEMMA in the
receiver role.

Grid 1 (first) — TARGET Grid 2 (second) Grid 3 (third)
X X X X o X X X X o o X X X X
X oo X o o o X oo X
X X X X o X X X X o o X X X X
X ooo X OooXao o X oo X
X X X X o X X X X o o X X X X

Describer = Gemma

“The grid has a row of four X's followed by a 0 in the first, third, and fifth rows, and the
fourth row starts and ends with X with three o in between.”

- minl4b (receiver) selects: Grid 1 (first)  correct

Describer = Qwen

“The grid where the first column is completely filled with X's and the fourth row has an X in
the last column.”

- minl4b (receiver) selects: Grid 3 (third) X wrong

Figure 4: REFERENCEGAME instance 15
(number_grids), score 100 vs. 0, receiver fixed
at MINISTRAL. Gemma describes every row. Qwen
compresses to two features.
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Game qw-qw ge-ge mi-mi qwi>ge gerqw ge>mi qw>mi mi>qw mi>ge
taboo 78.6 (56) 79.5(57) 43.0(50) 77.0(55) 83.3(56) 73.0(58) 75.7(57) 48.9(46)  42.4(46)
referencegame 95.6(90) 100.0(87) 62.2(90) 95.4(87) 92.2(90) 80.0(90) 68.9(90)  78.9(90) 81.6(76)
codenames 35.6(87) 33.6(107) 19.2(78) 34.5(84) 447(114) 36.1(97) 359(78) 26.9(104) 24.5(110)
clean_up 71.3(25) 79.4(13) -0) 75.1(14) 70.7 (19) -(0) -(0) 59.7(10) 51.0(8)
dond 47.2 (40) 76.4(40) 20.8(39) 83.3(40) 78.2(40) 35.2(40) 9.1 (40) 33.8(40) 30.5(39)
matchit_ascii 92.5 (40) 82.5(40) 87.5(40) 85.0(40) 97.5(40) 85.0(40) 77.5(40)  75.0(40) 70.0 (40)
imagegame 96.3 (40) —-(0) 73.7(339) 96.6(40) -(0) -(0) 66.8(39) 79.5(40) 79.8 (40)
hot_air_balloon 81.1(10) 75.9(29) 59.8(6) 54.1(12) 73.8(12) 50.9(21) 64.6(12) 0.0(1) 21.0(4)
wordle_withcritic ~ 85.4 (16) 91.0(13) 75.0(4) 80.0(15) 82.8(17) 76.1(15) 75.9(18) 30.0(5) 333(3)

Table 4: Quality (mean Main Score over played episodes; played count in parentheses). This is the abort-blind
view described in §3: it isolates skill on completed episodes but does not penalize a pairing for aborting more often
than another. All cells 493/493 episodes finished-or-aborted; context-overflow episodes counted as aborted (103
documented stubs). qw = qwen3.5-27b, ge = gemma-4-12b, mi = ministral-14b; X>Y: X speaks first.

Game qw-qw ge-ge mi-mi qwb>ge ge>qW gebmi qwbmi mibqw  mibge
taboo 73.4 755 35.8 70.6 77.7 70.6 71.9 375 325
referencegame 95.6  96.7 62.2 92.2 92.2 80.0 68.9 78.9 68.9
codenames 238 277 11.5 22.3 39.2 26.9 21.5 21.5 20.7
clean_up 66.0 382 0.0 38.9 49.8 0.0 0.0 22.1 15.1
dond 472 764 20.3 833 78.2 352 9.1 33.8 29.7
matchit_ascii 925 825 87.5 85.0 97.5 85.0 71.5 75.0 70.0
imagegame 96.3 0.0 71.9 96.6 0.0 0.0 65.1 79.5 79.8
hot_air_balloon 225 611 10.0 18.0 24.6 29.7 21.5 0.0 23
wordle_withcritic 455 394 10.0 40.0 46.9 38.0 45.5 5.0 33

Table 5: Clemscore (aborted episodes scored 0). This is the abort-sensitive counterpart to Table 4: it folds a
pairing’s abort rate back into the mean, so the two tables read together separate genuine skill differences from
differences driven purely by protocol failures. qw = qwen3.5-27b, ge = gemma-4-12b, mi = ministral-14b; X>Y:

X speaks first.

Grid 1 (first) Grid 2 (second) Grid 3 (third) — TARGET

X X o X o oo X X o X o X X o
o X X o X X o X X o X o X X
X oo X o o X X o X X X oo X
o X oo X X X oo X o X X o X
X o X o X o X X oao X o X oo

Describer = Gemma

“The grid starting with X 0 X X 0 in the first row, followed by 0 X O X X in the second row, X X

00X in the third row, o X X 0 X in the fourth row, and X 0 X 0 0 in the fifth row.”

- minl4b (receiver) selects: Grid 3 (third) - correct

Describer = Qwen

“The grid where the top-left cell is filled, the cell at row 1 column 2 is empty, and the

bottom-right cell is empty.”

- minl4b (receiver) selects: Grid 1 (first) X wrong

Figure 5: REFERENCEGAME instance 11

(random_grids), score 100 vs. 0, receiver fixed at
MINISTRAL. GEMMAtranscribes the pattern row by
row, giving MINISTRAL the full target; Qwen names
only three distinguishing cells and MINISTRAL selects
the wrong one.
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Target Distractor 1 Distractor 2

X X X X o X X X X o o X X X X
X oooao X o o o o X
X X X X o X X X X o o X X X X
X oooX 0Oo0Do X o o X oo X
X X X X o X X X X o o X X X X

Describer = Gemma (detailed)

“The grid has a row of four X's followed by a O in the first, third, and fifth rows, and the

fourth row starts and ends with X with three 0 in between.”

receiver = Gemma: / picks target receiver = minldb: / picks target

Describer = Qwen (compressed)

“The grid where the first column is completely filled with X's and the fourth row has an X in

the last column.”

receiver = Gemma: / picks target receiver = minldb: X picks distractor

Figure 6: REFERENCEGAME instance 15

(number_grids). REFERENCEGAME 1is single-
shot, so each describer’s referring expression is
identical across receivers. GEMMA’s detailed, row-
by-row expression is understood by both receivers.
QWEN’s two-feature expression is enough for the
stronger GEMMA receiver to recover the target but not
for MINISTRAL, which selects a distractor.



Game n  qw-qW ge-ge mi-mi qwbge ge>bqw gebmi qwbmi mi>qw  mi>ge

taboo 41 82.9 85.8 45.1 81.7 89.8 81.7 82.5 46.3 41.9
referencegame 76 96.1 100.0 65.8 100.0 93.4 81.6 72.4 81.6 81.6
codenames 16 500 56.2 18.8 56.2 56.2 31.2 56.2 375 31.2
clean_up 2 94.8 100.0 - 88.1 100.0 - - 39.7 53.7
dond 38 49.7 77.8 20.8 83.0 79.7 37.0 9.5 324 31.3
matchit_ascii 40 92.5 82.5 87.5 85.0 97.5 85.0 77.5 75.0 70.0
imagegame 38 96.1 - 73.0 96.4 - - 66.4 78.6 78.9

hot_air_balloon 0 - — - - — — - _ _
wordle_withcritic 0 - — - - - — — _ _

Table 6: Matched instances: mean Main Score restricted to the instance IDs played (non-aborted) in every com-
pared pairing for a given game, removing any selection effect from one pairing aborting on harder instances than
another (§3). n gives the number of matched instance IDs; games where no instance is completed by all nine
pairings (HOT_AIR_BALLOON, WORDLE_WITHCRITIC) are left blank.

Target Distractor 1 Distractor 2
X o X X o oo X X o X X o X o
o X X X X o X X o X X o X
X X oo X o X X o X X oo X oo
o X X o X X X oo X o X ooX
X o X oo O X X oo X o X o X
Describer = Gemma (detailed)
“The grid starting with X 0 X X O in the first row, followed by O X O X X in the second row, X X
00X in the third row, 0 X X 0 X in the fourth row, and X 0 X 0 0 in the fifth row.”
receiver = Gemma: / picks target receiver = minldb:  picks target
Describer = Qwen (compressed)
“The grid where the top-left cell is filled, the cell at row 1 column 2 is empty, and the
bottom-right cell is empty.”
receiver = Gemma: / picks target receiver = minldb: X picks distractor
Figure 7: REFERENCEGAME  instance 11

(random_grids), same describer x receiver de-
sign as Figure 6. On an irregular grid GEMMA
transcribes the pattern row by row and both receivers
succeed. Qwen names only three distinguishing cells.
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Abstract

We introduce InterviewArena, an interview-
style multi-agent framework for evaluating
large language models (LLMs) under incom-
plete information. By treating missing informa-
tion as a single factor, we disentangle missing-
information identification from dialogue-based
reasoning. Experimental results show that
while LLMs can capture relative differences be-
tween participants, predicting specific missing
information remains unstable, highlighting the
need to evaluate these capabilities separately.

1 Introduction

As large language models (LLMs) acquire stronger
reasoning capabilities, they are increasingly ap-
plied to tasks that require complex social reason-
ing, such as multi-agent collaboration or role infer-
ence through dialogue in settings like the Werewolf
game. These tasks demand reasoning abilities sim-
ilar to those used by humans in interactive environ-
ments. In particular, recent studies have proposed
evaluation frameworks that simulate human behav-
ioral norms, social interactions, and cognitive pro-
cesses using LLMs (Hou et al., 2025; Sakai et al.,
2025; Jiang et al., 2024; Zhao et al., 2025). In addi-
tion, game-style environments centered on dialogue
and deduction, such as the Werewolf game, have
been utilized to measure the reasoning capabilities
of LLMs (Lai et al., 2023; Chalamalasetti et al.,
2023; Costarelli et al., 2024; Song et al., 2025).

In particular, the Werewolf game is a hidden-
role, incomplete-information game in which play-
ers must identify the werewolf disguised among
villagers through dialogue and reasoning. In LLM
evaluation, this setting has been adopted as a multi-
agent benchmark where multiple LLMs interact
through dialogue. By observing these interactions,
the reasoning abilities and strategic behaviors of
different models can be compared (Sato et al., 2024;
Mukobi et al., 2023; Bailis et al., 2024). These

1. What is Business?
[24 How much is Revenue? }

Identify the Least
Informed Agent

1.Al-based Saas &
DX solutions
2.¥5B/year

% 1. Data Platform &
Analytics Solutions
< 2.¥800M/year

% 1. Cybersecurity
Solutions
2.¥5B/year

Information : Information : Information
100% 80% 60%

Figure 1: Our evaluation framework, InterviewArena,
treats missing information as a single factor and identi-
fies the least informative agent through iterative ques-
tioning based on responses and dialogue history.

frameworks use game-based interactions to evalu-
ate multiple aspects of LLM behavior, including
reasoning, cooperation, and communication.

In real-world scenarios, we often judge which
participants possess more reliable information and
infer missing information accordingly. For exam-
ple, in police interviews, investigators must deter-
mine who has the most reliable knowledge while
sequentially identifying individuals who may be
providing misleading or false statements. Simi-
larly, in human resource decision-making, organi-
zations seek not only capable candidates but also
individuals who fit organizational culture, requiring
multi-faceted questioning to assess credibility and
trustworthiness. These examples highlight that rea-
soning under incomplete information is frequently
required in real-world decision-making, making it
a suitable paradigm for evaluating more human-
like reasoning capabilities in LLMs (Li et al., 2024;
Xu et al., 2025; Liu et al., 2024). In such situations,
it is necessary to infer who is the most knowledge-
able and trustworthy participant based on dialogue
histories. To deploy LLMs in more realistic envi-
ronments, it is therefore important to evaluate their
ability to discriminate among participants through
simulation-based settings in the wild.

The Proceedings of Improving Language Models through Learning from Dialogue Game Interaction, pages 49-56
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Figure 2: Overview of InterviewArena. In STEP 1, we yield synthetic company profile items, and interviewee agents
are constructed by randomly omitting a subset of these items. To control for factors other than missing information,
all agents are instantiated using the same LLM. Next, the target LLM is assigned as the interviewer, and STEP 2
and STEP 3 are iteratively performed to identify agents with missing information, thereby simulating an interactive
interview process. This setup is designed to reflect a real-world scenario, specifically the Japanese new graduate
hiring process, in which companies conduct multi-round interviews to assess candidates. The framework is inspired
by the practical objective of recruiting applicants who demonstrate a strong interest in and understanding of the
company, focusing on identifying less informative participants. When the LLM decides to terminate the interaction,
the process proceeds to STEP 4, where identifying the most suspicious agent(s) based on the accumulated dialogue.

In this study, we propose InterviewArena, an
evaluation framework inspired by real-world inter-
view scenarios, as shown in Figure 1. In our frame-
work, the target LLM is assigned the role of the in-
terviewer and is required to estimate the level of in-
terest in the company of candidate LL.Ms, enabling
a quantitative evaluation of reasoning under incom-
plete information. Specifically, we construct syn-
thetic company profiles with multiple attributes and
interpret the degree of missing knowledge about the
company of each candidate. The interviewer LLM
interacts with candidate LL.Ms through dialogue
and infers their information completeness, and the
accuracy of these inferences is used to evaluate
the model’s reasoning ability. Experimental results
show that, for many models, the accuracy of iden-
tifying poorly informed participants and ranking
candidates improves as interview rounds progress.
However, in the task of predicting specific missing
information that requires alignment with ground-
truth company attributes, substantial performance
differences are observed across models. These find-
ings suggest that the ability to identify missing
information and the ability to perform holistic rea-
soning based on dialogue are distinct skills.

2 InterviewArena

Figure 2 illustrates the overall evaluation frame-
work of InterviewArena. The framework consists
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of four main steps: Setting Agents as Interviewees,
Interview Question Generation, Interviewee Re-
sponse Generation, and Evaluation of Estimation
Skills. This framework enables systematic obser-
vation and evaluation of how LLMs discriminate
informative participants based on their responses.

STEP 1: Setting Agents as Interviewees We
construct synthetic company profiles as structured
data. In this paper, company information comprises
the following 11 categories: year of establishment,
capital, number of employees, location, business
description, corporate vision, company news, fu-
ture outlook, partnerships, company strengths, and
desired candidate profile. We prepare three agents
and instantiate them as interviewees to simulate a
multi-agent dialogue environment. Each agent is
assigned a different level of missing information
(low, medium, or high), with three, one, or zero
company information items randomly omitted,
respectively. We employ GPT-40-mini (OpenAl
et al.,, 2024a) to generate both the company
information and the interviewee agents in this step.

STEP 2: Interview Question Generation

Next, we simulate a mock interview. The LLM
under evaluation is assigned the role of the
interviewer, while the candidate agents act as
interviewees. The interviewer LLM has access
to the complete company profile constructed in



STEP 1. During the interview, the interviewer
sequentially asks questions corresponding to each
company information item in order to determine
which applicant possesses complete knowledge
of the company. The interview continues until all
information items have been queried, unless the
LLM decides to terminate the interview earlier.

STEP 3: Interviewee Response Generation

Each interviewee generates a response to the
question posed in STEP 2 based on the company
information available to them and the dialogue his-
tory. Interviewee agents with missing information
are encouraged to generate responses by plausibly
inferring the missing items while maintaining
consistency with the known information. During
the interview, each interviewee has access to the
full dialogue history up to the previous round
but does not have access to the hidden company
information assigned to other agents. At each
round, we collect responses from all interviewees,
and the dialogue history is accumulated in inter-
view logs comprising the interviewer’s query and
the corresponding responses from all applicants.
The interview proceeds by repeating STEP 2 and
STEP 3 until the termination condition is met.

STEP 4: Evaluation of Estimation Skills  Fi-
nally, the target LLM produces predictions based
on the full dialogue history accumulated during the
interview. Specifically, the model estimates which
interviewee agent possesses the most complete
company information. Optionally, the model may
also provide a rationale for its prediction and
identify which company information items were
missing for each interviewee.

3 Experiments

We evaluate LLMs from three perspectives: Par-
ticipant Ranking Capability (RQ1), Identification
of Low-Informative Participants (RQ2), and Pre-
diction of Missing Information for Each Inter-
viewee (RQ3), providing a comprehensive multi-
dimensional evaluation. RQ1 assesses the basic
ability to estimate the granularity of missing in-
formation by ranking participants considering in-
formation completeness. RQ2 evaluates whether
the model can identify the least informative partici-
pant, thereby filtering out the worst-case candidate
in an interview scenario similar to a werewolf game.
RQ3 examines which company information items
are missing for each interviewee agent to enable
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RQ1: Pair RQ1: Exact RQ2 RQ3

Llama-3.1-8B-Instruct 0.70 0.40 0.55 0.32
Llama-3-ELYZA-JP-8B  0.60 0.31 0.53 0.08
Llama-3.1-Swallow-8B 0.68 0.38 0.63 0.32
Qwen3-8b 0.57 0.25 0.32 0.34
Qwen2.5-7B-Instruct 0.69 0.31 0.55 0.42
GPT-40 mini 0.72 0.43 0.71 0.68
GPT-4 0.65 0.34 0.67 0.81
GPT-5.2 0.92 0.55 0.80 0.87
Gemini-2.0-flash-lite 0.85 0.57 0.80 0.72
Gemini-2.0-flash 0.90 0.61 0.74 0.69
Gemini-2.5-flash-lite 0.83 0.52 0.77 0.80
Gemini-2.5-flash 0.89 0.62 0.68 0.57

Table 1: Average scores in the final round for each RQ.
The highest score in each evaluation is shown in bold.

Model
SWALLOW

llamag-elyza-jp
qwen2.5-7b-instruct
qwen3-8b

“///Z\\E

Performance of RQ1

o
©

o
o

Round

Figure 3: Performance over dialogue rounds for RQ1.

interpretability of the model’s reasoning behavior.
In this study, we conduct 100 simulations, each
with distinct company settings. We use total of
12 LLMs: Llama-3.1-8B-Instruct (Weerawardhena
et al., 2025), Llama-3-ELYZA-JP-8B (Hirakawa
et al., 2024), Llama-3.1-Swallow-8B (Fujii et al.,
2024), Qwen3-8b (Yang et al., 2025), Qwen2.5-7B-
Instruct (Qwen et al., 2025), GPT-40 mini (Ope-
nAl et al., 2024a), GPT-4 (OpenAl et al., 2024b),
GPT-5.2 (Singh et al., 2025), Gemini-2.0-flash-
lite, Gemini-2.0-flash (Google DeepMind, 2024),
Gemini-2.5-flash-lite, and Gemini-2.5-flash (Co-
manici et al., 2025). Detailed experimental settings
are provided in Appendix A.

3.1 RQI1: Participant Ranking Capability

Setup. We calculate pairwise ranking accuracy
and exact match accuracy. Pairwise ranking accu-
racy is defined as the proportion of pairs for which
the predicted ranking agrees with the ground-truth
ranking, i.e., the pairwise agreement rate. Exact
match accuracy counts cases where the predicted
ranking perfectly matches the ground-truth ranking
as 1, and all others as 0. We instruct the LLMs to
output the ranking in descending order.
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Figure 4: Performance over dialogue rounds for RQ?2.

Results. As shown in Table 1, the pairwise accu-
racy results reveal two distinct groups of models:
those achieving scores above 0.8 and those below
0.7. In terms of exact-match accuracy, the mod-
els are split into two groups, with scores above or
below 0.5. The round-by-round results shown in
Figure 3 further indicate that some models improve
their identification accuracy as the interview rounds
progress, whereas others show little change across
rounds. However, even the best models achieve an
exact-match accuracy of 0.6, indicating that cor-
rectly identifying the ranking remains challenging.

3.2 RQ2: Low-Informative Participants

Setup. We investigate whether the LLM can iden-
tify the participant with the least amount of infor-
mation. The output is the name of the predicted
candidate, which is evaluated as 1 if the correct
candidate is identified and O otherwise. The model
is instructed to output only the candidate’s name.

Results. Table 1 shows that, except for Qwen3-
8B, more than half of the cases can be correctly
predicted by the models. However, compared with
the pairwise ranking results in RQ1, most models
achieve lower scores on this task. This suggests
that identifying the least informative participant
remains challenging and has a significant impact on
overall performance. As shown in Figure 4, models
with higher overall performance are able to identify
the correct participant with an accuracy above 0.5
even from the first round. Moreover, in these high-
performing models, prediction accuracy generally
increases as the interview rounds progress.

3.3 RQ3: Prediction of Missing Information

Setup. We investigate whether the interviewer
LLM can ask appropriate questions to identify the
missing information of each agent. Specifically,
we measure the accumulated accuracy of questions
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Figure 5: Performance over dialogue rounds for RQ3.

that correctly correspond to the missing informa-
tion. The LLM is provided with the correct com-
pany information and the interview history, and is
instructed to infer missing information only when
responses are incorrect, ambiguous, or insufficient.
The output reports the predicted missing informa-
tion along with its rationale in a single line.

Results. As shown in Table 1, the models can be
broadly divided into two groups: those achieving
scores above 0.7 and those below 0.5. Notably,
Gemini-2.5-flash, which performed well in RQ1,
achieves only 0.57 in this setting, indicating that
it does not effectively generate questions targeting
missing information. In contrast, GPT-4 produces
the most queries related to missing information;
however, its performance in RQ1 and RQ?2 is not
as strong. These results suggest a discrepancy be-
tween the ability to generate informative queries
and overall reasoning performance. Furthermore,
as shown in Figure 5, models generally increase the
number of questions targeting missing information
as the number of rounds progresses. These findings
indicate that the ability to identify missing infor-
mation and to perform holistic reasoning based on
dialogue are distinct skills.

4 Conclusion

In this study, we introduce InterviewArena, which
is an interview-style Werewolf-like game designed
to reflect realistic settings. By focusing on a sin-
gle factor, the degree of missing information, we
disentangle the ability to infer missing informa-
tion from the ability to perform dialogue-based
reasoning. Results show that LLMs can capture
relative differences between candidates by leverag-
ing consistency and ambiguity in their responses.
However, estimating missing corporate informa-
tion by comparing predictions with ground truth



remains unstable. These findings highlight the im-
portance of evaluating reasoning under incomplete
information for a more realistic assessment.

Limitations

LLMs. While evaluating a broader range of
LLMs would be desirable, we limit our experi-
ments due to the scope of a short paper and focus
on verifying that the proposed framework functions
as intended. As shown in Section 3, we observe
consistent differences in behavior across models,
indicating that the framework captures the intended
evaluation aspects. Based on these results, we con-
sider the current set of LLMs sufficient for validat-
ing the effectiveness of the framework. Neverthe-
less, extending the evaluation to a wider variety of
models remains an important direction.

Agents. We use a single LLM to construct in-
terviewee agents in our experiments. Neverthe-
less, as shown in Section 3, even with a single
LLM, the framework captures meaningful behav-
ioral differences, indicating that it functions as
intended. Moreover, using the same LLM for
both interviewer and interviewee does not hinder
the evaluation, suggesting that the experimental
setup successfully separates condition design from
model evaluation. We also expect that using more
advanced LLMs for agent construction would in-
crease the difficulty of the task. However, given
the scope of a short paper and the sufficient empiri-
cal results obtained, we do not explore additional
LLMs for agent construction in this paper.

Generalization. In STEP 1, we use an LLM to
generate synthetic company profiles. This step
serves only to create initial seed data, and subse-
quent processes systematically introduce missing
information. Therefore, this step is not tied to a spe-
cific model, and alternative models could be used
without affecting the core evaluation. Moreover,
the framework is not restricted to company-related
scenarios. By modifying the profile generation pro-
cess, it can be readily applied to other domains. In
this work, we focus on a typical and practically rel-
evant interview scenario, which we selected heuris-
tically to ensure a clear and controlled evaluation
setting. While evaluating the framework under a
wider range of scenarios would provide a more
comprehensive assessment of its generalizability,
we leave such extensions for future work in order
to maintain a focused scope.
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Experimental setting. Our experiments focus on
verifying that the proposed framework functions
as intended and can effectively measure the target
capabilities of LLMs. Accordingly, we conducted
experiments with three interviewee agents. While
increasing the number of agents could introduce
more complex interaction dynamics, it would also
substantially increase the length of the dialogue his-
tory, potentially exceeding the input context limits
of current models. Moreover, as shown in Section 3,
even with three agents, the framework yields mean-
ingful and consistent findings. Therefore, we do
not explore larger-scale settings in this work.

Ethical Considerations

Potential risks. This study relies on synthetically
generated profiles, which may raise concerns about
unintended overlap with real-world entities. To mit-
igate this risk, we manually inspected all generated
profiles and did not observe any content that closely
resembles real companies. This is consistent with
our generation process, in which we explicitly in-
struct the model to produce fictional but plausible
profiles. We also examined the dialogue data and
did not observe any outputs containing harmful or
unethical content, such as violence or other policy
violations. This is likely due to the safety training
of modern LLMs, which are designed to avoid gen-
erating sensitive or harmful content. Therefore, we
ensure that our data generation and experimental
setup comply with the ACL Code of Ethics.

Al Tools. We used Al tools to assist with gram-
matical correction and translation, including Gram-
marly, DeepL, and ChatGPT. The original content
of this paper was written entirely by the authors,
and Al tools were used solely for language refine-
ment. All research ideas, experimental design, and
substantive writing were carried out by the authors.

Others. All LLMs and experimental tools used in
this study are permitted for research use. To ensure
reproducibility, we plan to release our code, scripts,
and all raw experimental results upon acceptance.
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A Detailed Experimental Setup

The input prompt for the interviewer LLM is shown
in Figure 6, and the prompt for the interviewee
LLM is shown in Figure 7. The response guidelines
for each level of interest are presented in Figure 8.
Figures 9, 10, and 11 show the prompts used for
RQ1, RQ2, and RQ3, respectively. Although all
prompts were originally written in Japanese, we

55

SYSTEM PROMPT:

You are a highly capable and insightful recruitment
analyst who accurately follows the given instructions
in Japanese.

USER PROMPT:
You will now ask the same common question to all
candidates.

List of Company Information You Can Ask About
All Questions Asked So Far (Avoid Duplication)

Strategic Role of Common Questions Common
questions are used for the following purposes:
Establishing a Basis for Comparison: Since all
candidates respond under the same conditions, fair
comparison is possible.

Collecting Foundational Information: Measure the
basic level of company understanding necessary to
differentiate candidates.

Efficient Information Gathering: Collect informa-
tion from all candidates with a single question, saving
time.

Deepening Shared Topics: Compare all candidates’
perspectives on specific important company-related
topics.

Strategic Situations for Using Common Questions
When there is insufficient material for comparing
candidates

When you want to assess all candidates’ understand-
ing of specific key company information

When foundational information is needed before mov-
ing to deeper individual questions

When you want to gather information efficiently

Instructions

Overall Analysis: Take a holistic view of all candi-
date conversations and identify “commonly unad-
dressed items” that most candidates have not suffi-
ciently mentioned.

Strategic Question Generation: From the identified
items, select the one that is most important for com-
paring the depth of candidates’ company research,
and generate a specific common question about it.
Ensure Comparability: Ensure that the question
allows all candidates to answer based on the same
criteria.

Output only the question. Do not include any thought
process or preamble.

Figure 6: Prompt for the interviewer to ask questions.

provide English translations for readability. Infor-
mation about the LLMs used in the experiments is
provided in Table 2. Unless otherwise specified,
all implementations are based on Hugging Face
Transformers (Wolf et al., 2020). For API-based
models, we use their corresponding official APIs.
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LLMs HuggingFace ID / API Name

Llama-3.1-8B-Instruct meta-llama/Llama-3.1-8B-Instruct
Llama-3-ELYZA-JP-8B elyza/L.lama-3-ELYZA-JP-8B
Llama-3.1-Swallow-8B  tokyotech-llm/Llama-3.1-Swallow-8B-Instruct-v0.5

Qwen3-8b Qwen/Qwen3-8B
Qwen2.5-7B-Instruct  Qwen/Qwen2.5-7B-Instruct
GPT-40 mini gpt-40-mini-2024-07-18
GPT-4 gpt-4-0613

GPT-5.2 gpt-5.2-2025-12-11

Gemini-2.0-flash-lite
Gemini-2.0-flash
Gemini-2.5-flash-lite
Gemini-2.5-flash

gemini-2.0-flash-lite
gemini-2.0-flash
gemini-2.5-flash-lite
gemini-2.5-flash

Table 2: Information about HuggingFace IDs and APIs.

Prompt for the interviewee to answer

SYSTEM PROMPT: You are a highly capable
and insightful recruitment analyst who accurately fol-
lows the given instructions in Japanese.

USER PROMPT:

Your Role You are a job-seeking student named ....
Please convey your admiration for this company and
your strong motivation to join it to the interviewer.

Your Profile

Name: ....

Strengths: ....

Key Experience (Gakuchika): ....

Company Information You Know
Basic Answering Policy
Conversation History

Current Question from the Interviewer

Instruction: Act as .... based on the above settings and
behave as a job-seeking student. Output your answer
in natural Japanese of approximately .... characters.
Do not include any preface or explanation.

Figure 7: Prompt for the interviewee to answer.

Response guidelines by level of interest

BASIC ANSWERING POLICY:

High Preparation Level Demonstrate a very high
level of interest and enthusiasm. When information is
unknown, supplement it with positive and reasonable
assumptions, and never state that you do not know.

Medium Preparation Level Demonstrate a high
level of interest. Clearly describe known informa-
tion with specific details, and supplement unknown
information with general industry knowledge.

Low Preparation Level While expressing interest in
the company, respond in a way that conceals gaps in
your company knowledge.

Figure 8: Response guidelines by level of interest.
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Generating responses for RQ1 evaluation

USER PROMPT:

Analyze the following interview responses of candi-
dates and rank them in order of lowest to highest level
of interest in the company.

Interview Content
List of Candidate Names

Ranking Criteria
* Depth of company knowledge * Specificity of re-
sponses * Expression of motivation and enthusiasm

Instruction: Rank the candidates concisely by name
in order of lowest interest (Rank 1 = lowest level of
interest).

Figure 9: Prompt for RQ2 evaluation.

Generating responses for RQ2 evaluation

USER PROMPT:

Analyze the following interview responses of candi-
dates and identify the candidate who appears to have
the lowest level of interest in the company.

Interview Content
List of Candidate Names

Analysis Criteria
* Depth of company knowledge * Specificity of re-
sponses * Expression of motivation and enthusiasm

Instruction: Output only the name of the candidate
who is judged to have the lowest level of interest.

Figure 10: Prompt for RQ2 evaluation.

Generating responses for RQ3 evaluation

USER PROMPT:

Compare the following ground-truth company infor-
mation with each candidate’s interview record and
identify gaps in the candidates’ knowledge.

Important Note Do not conclude that a candidate
lacks knowledge merely because they did not mention
a particular point. A knowledge gap should be iden-
tified only when there was a natural opportunity to
mention that information in the flow of the interview,
yet the candidate either failed to mention it, provided
incorrect information, or answered ambiguously.

Ground-Truth Company Information (Key-Value
Pairs)

Interview Records of Each Candidate

Figure 11: Prompt for RQ3 evaluation.
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Abstract

Learning from interaction requires more than
producing appropriate responses: learners must
maintain a shared interaction with a partner,
following its rules while adapting to feedback
and contingencies. We argue that this depends
on a prerequisite we call protocol competence:
the ability to produce valid actions, maintain
interaction structure, and respond appropriately
across turns. In this paper, we investigate pro-
tocol competence in Small Language Models
(SLMs) from the Qwen family across five inter-
active dialogue games from CLEMBENCH, find-
ing 51.3% of episodes from Qwen3.5-0.8B ter-
minate in protocol violations. However, teacher
demonstrations from a larger language model
can scaffold participation, raising Wordle play
from 0/30 to 29/30. Once models can reli-
ably participate, we find self-improving rein-
forcement learning becomes effective: a single
round of self-generated reinforcement learn-
ing (self-ReST) yields large gains from a small
number of successful trajectories. Comparing
adaptive learning strategies, we find that credit-
weighted training provides the most reliable im-
provements, reducing variance relative to uni-
form supervision. Together, these results sug-
gest that interactive learning follows a staged
trajectory: SLMs must first acquire the compe-
tence to participate before they can exploit the
contingencies generated by interaction.

(@)

Introduction

Playpen Models on HuggingFace
Code Open-Sourced on GitHub

1

Learning from interaction requires more than pro-
ducing an appropriate response: a learner must
build and update a shared understanding with its
partner across turns, using feedback, correction,
and repair to coordinate action and reference (Clark
and Wilkes-Gibbs, 1986). Computational models

Corresponding Author: sas245@cam. ac.uk
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teacher (Qwen2.5-3B-Instruct) learner (Qwen3.5-0.8B, base)

Game Master: Game Master:

Target word: away
Related: gone, distance, here
Give a short description

Target word: away
Related: gone, distance, here
Give a short description

CLUE: Something that has moved
away from a place

CLUE: You need to describe a word
like this, and it fits all
the three words above [...]

GUESS: competitive

parsed - episode continues extra turn - episode aborts

Figure 1: Protocol competence in the Taboo Game
(Horst et al., 2025b). Left: the Teacher Qwen model
produces a valid clue in the format expected by the game,
allowing the interaction to continue and the clue to be
evaluated. Right: the Learner Qwen SLM produces a
plausible clue but then generates the other player’s turn
as well: the task is not the problem, knowing when
to stop is. This is a protocol-competence failure: the
model can produce a valid clue, but cannot yet reliably
participate in the interaction.

have learned from environmental reward, situated
instruction, observation, human corrections, and
co-players in language-mediated games (Branavan
et al., 2009; Chen and Mooney, 2011; Wang et al.,
2016, 2017; Hancock et al., 2019; Kojima et al.,
2021; Lewis et al., 2017; He et al., 2018; Lazaridou
et al., 2017). Across these settings, however, inter-
action is usually treated as available to the learner:
the agent produces an action or utterance that the
environment or partner can interpret, evaluate, and
respond to.

For language models, this assumption is conse-
quential. In open-ended dialogue, a learner must
first produce an utterance that conforms to the pro-
tocol well enough for interaction to continue (Berto-
lazzi et al., 2023; Qiao et al., 2023; Guertler et al.,
2025). Dialogue games provide a clean setting in
which to study this problem because they distin-
guish failure to produce a valid turn from failure
to achieve the task (Schlangen, 2023). A model
that gives a poor clue can receive feedback about

The Proceedings of Improving Language Models through Learning from Dialogue Game Interaction, pages 57-79
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task performance; a model whose output cannot
be parsed may never reach the point at which such
feedback is available.

We therefore argue that learning from interaction
has a prerequisite: protocol competence. This is
the ability to enter an interaction in the required for-
mat, produce valid moves, maintain the exchange
structure across turns, and use feedback to con-
dition future behaviour. Protocol competence is
distinct from task competence: a model can par-
ticipate reliably yet fail to win, or possess rele-
vant knowledge yet fail to participate long enough
to access the learning signal. We distinguish the
production of a valid response in the appropriate
context and format from interactive task compe-
tence, which uses interaction to improve task per-
formance. More generally, contingent interaction
requires the learner to recognise and exploit struc-
tured dependencies between its own actions and an-
other agent’s responses (Salhan et al., 2025). With-
out valid participation, these action-response pairs
never arise; the interaction loop closes before it
opens. This motivates our central question: what
must a small language model (SLM) learn before
it can learn from interaction? We study Qwen
models (Yang et al., 2025) in the Playpen frame-
work (Horst et al., 2025b) across five protocol-
based language games drawn from the clembench
suite (Chalamalasetti et al., 2023).

Our results reveal a substantial participation bot-
tleneck. A Qwen3.5-0.8B base learner aborts more
than half of sampled episodes because it violates
the interaction protocol before a task outcome
can be assigned. We therefore first scaffold the
learner with demonstrations from a larger Qwen?2.5-
3B-Instruct teacher, and only then expose it to
its own successful interactive experience through
reinforcement-learning-based methods including
ReST, online GRPO, and GiGPO. Across these
settings, improved protocol competence is an im-
portant prerequisite for interactive improvement:
models can make progress when they reliably par-
ticipate, while games with persistent protocol fail-
ures remain resistant to further learning.

The bottleneck is not explained by model scale
alone. Protocol competence is not monotonic with
parameter count across Qwen models, with smaller
models sometimes outperforming larger variants,
and it is not removed by instruction tuning or by
the choice of teacher. These results suggest that
successful interactive learning cannot be reduced
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to a scaling effect: before a model can learn from
interaction, it may first need to learn how to
participate in interaction.

2 Methodology

Our central hypothesis is that successful interactive
learning has an enabling condition we call protocol
competence: the ability to produce valid actions in
the required format, at the appropriate turn, while
maintaining the interaction structure. Contingency
and feedback use are what happen after this pro-
tocol channel is established. Without this com-
petence, a model cannot obtain meaningful learn-
ing signals regardless of its underlying reasoning
ability. Once protocol competence is established,
subsequent improvement should depend primarily
on ordinary experience-driven learning rather than
continued teacher supervision.

We investigate what an SLM must learn before
it can learn from interaction. Our starting point
is protocol competence: the ability to produce valid
actions, follow the rules of an interaction, and re-
spond appropriately to feedback. We first ask can
demonstrations from a larger model teach an SLM
how to participate? (R(Q1). We train the SLM
on teacher demonstrations and separately measure
whether it becomes better at producing valid inter-
actions and whether this translates into better task
performance. We then ask once an SLM can partici-
pate, can it learn from its own experience without a
teacher? (R(@)2). Following ReST (Gulcehre et al.,
2023a), the model generates its own trajectories,
keeps successful interactions, and trains on them.
Finally, we ask how much successful experience
is needed for this self-learning to work? (RQ3),
varying the number of training trajectories from
64 to 512. These experiments establish whether
protocol competence is simply another aspect of
task performance, or whether it is a prerequisite for
learning from interaction.

We next ask what makes self-generated experi-
ence useful for further learning. Once the learner
can reliably participate, we compare standard ReST
with methods that select or weight experience ac-
cording to how useful it is (§2.3). We test whether
learning improves when the model focuses on inter-
actions that are challenging but still within its capa-
bilities (ZPD-based selection), gives greater weight
to trajectories likely to cause behavioural change
(credit-weighted learning), or explores more during
generation through different decoding strategies.



We also compare offline self-training with online
methods, GRPO and GiGPO (Shao et al., 2024,
Feng et al., 2025), which assign credit while the
interaction is taking place. Finally, we test whether
the effect can be explained by simpler alternatives
such as model size, instruction tuning, supervision
quantity, demonstration type, teacher identity, or
decoding (§2.3), and whether protocol competence
transfers to games that were not used for training.
This allows us to distinguish learning to perform a
task from learning how to participate in the inter-
action through which the task can be learned.

2.1 Interactive Games

We evaluate on five dialogue games from Chala-
malasetti et al. (2023). In each game, a Game
Master parses every turn and a protocol violation
terminates the episode immediately, which is what
makes participation separately measurable. These
have different forms of interactive reasoning while
enforcing strict communication protocols. Taboo
requires constrained paraphrasing under alternat-
ing CLUE:/GUESS: turns; Wordle requires sequen-
tial constraint reasoning over feedback from pre-
vious guesses; ImageGame involves collaborative
reconstruction of a spatial grid through incremen-
tal natural-language instructions; ReferenceGame
tests discriminative referring expressions over visu-
ally similar alternatives; and PrivateShared evalu-
ates maintenance of common ground during multi-
turn dialogue. In every game, protocol violations
immediately terminate the episode, allowing par-
ticipation failures to be distinguished from task
failures (see Appendix A).

2.2 Experimental Setup

Models We use a base model QWEN3.5-0.8B
(Yang et al., 2025) as a student model, and exper-
iment with larger base models spanning 0.8B—7B
parameters from the Qwen3 family. We use sev-
eral teacher models that provide demonstrations.
Demonstrations are complete, protocol-conformant
episode transcript produced by a larger model in
the same game that is rendered in the learner’s chat
format and used as a supervised target on the assis-
tant turns only.

Demonstration Settings We experiment with
two settings for demonstrations: protocol-only
demonstrations preserve the interaction structure
(which template to emit, what a turn looks like,
what must not appear), whereas reasoning-only
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demonstrations provide task solutions without re-
liably establishing the interaction channel (which
move to choose).

Metrics
play:

We use three metrics to evaluate game-

Play-Rate Play-rate is a binary measure: an
episode either reaches a verdict or it aborts. It
is the fraction of episodes that reach a task verdict
rather than aborting (%), as our primary
operational measure of protocol competence. This
is whether a model can produce an interaction that a
game can accept (ranging from 0 — 1). We can also
define format-abort rate as 1 — play-rate. We re-
port play-rate at two different levels of aggregation.
Macro play-rate first computes play-rate separately
for each game and then averages across games.
Pooled play-rate instead combines all episodes
across games before computing the overall rate.
These can give different results because the games
contain different numbers of episodes. For exam-
ple, with sampled rollouts ((T=0.9, k=6)), the base
learner has a macro abort rate of 0.67 but a pooled
abort rate of 0.51.

Per-turn violation rate To examine the underly-
ing behaviour of playrate more continuously, we
also report per-turn violation rate. This measures
how often the model produces an invalid turn,
rather than whether the entire episode eventually
aborts. We report this measure separately by game
because pooling across games makes it strongly
dependent on how many turns each game contains.

Quality This is a game-specific score, calculated
only over episodes that are actually played. Game-
specific quality measures task success conditional
on valid participation: Taboo rewards identifying
the target with fewer guesses, Wordle rewards solv-
ing the word using fewer attempts, ImageGame
measures accurate reconstruction of the target grid,
ReferenceGame measures successful identification
of the intended referent, and PrivateShared mea-
sures successful maintenance and use of common
ground across turns (Chalamalasetti et al., 2023;
Beyer et al., 2024).

CLEMSCORE CLEMSCORE is the product of
playrate and quality (Chalamalasetti et al., 2023;
Beyer et al., 2024; Horst et al., 2025a). Aborted
episodes therefore count against play-rate but do
not enter the quality calculation. This means that



a model can improve its quality while its CLEM-
SCORE falls if it becomes more likely to abort.

2.3 Self-Improvement Reinforcement
Learning

We next ask once an SLM has acquired protocol
competence, does the way that experience is se-
lected, explored, or credit-assigned affect subse-
quent learning? This is a stronger test of learning
from interaction than teacher-supervised protocol
repair: the model must first generate trajectories
that successfully navigate the environment and then
extract useful supervision from those trajectories.
We draw inspiration from ReST (Reinforced Self-
Training), an offline self-improvement method in
which a model generates its own trajectories, se-
lects successful ones using outcome feedback, and
fine-tunes on them to improve its policy (Gulcehre
et al., 2023b). Our methodological contribution is
to adapt offline ReST (Gulcehre et al., 2023b) to
interactive dialogue games and systematically com-
pare flat rejection sampling, difficulty-based (ZPD)
selection, step- and episode-level credit weighting,
and decoding-based exploration under matched
compute.

Flat-ReST We call our primary condition Flat
ReST, where every retained winning trajectory
is treated equally during fine-tuning. This setup
therefore asks a simple question: once an SLM
knows how to participate, can it improve its task
performance by learning from interactions that it
successfully generated itself? We therefore imple-
ment self-ReST, following ReST , as an offline
Grow-Select—Improve procedure. We start self-
ReST from a protocol-repaired checkpoint of the
base SLM, so that the model can already participate
correctly in the games. Self-ReST then repeatedly
follows three steps. First, in Grow, the current
model plays each game and generates k = 4 candi-
date trajectories per game instance at temperature
0.8 across the five-game Playpen suite. Second,
in Select, we keep only trajectories in which the
model wins and has produced a valid interaction:
specifically, the trajectory must contain a valid as-
sistant interaction turn and at least two messages.
The resulting winners are balanced across games.
Third, in Improve, we fine-tune the model on these
successful trajectories. Importantly, the model is
not updated while generating the trajectories: we
first collect and filter a fixed set of experiences,
and only then train on them. We repeat this process
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across rounds, allowing the improved model to gen-
erate new experiences in the next round. We also
vary the amount of self-generated supervision inde-
pendently of the number of rounds by training on
different numbers of winning trajectories. Let VW
denote the valid winning trajectories and S C W
the selected training set; the Improve stage mini-
mizes L(0) = — > s>, w(T,t)logm(as | st).
Flat ReST retains all winners with w(r,t) = 1.

Alternative Strategies We introduce three ad-
ditional strategies that differ in where they place
the learning signal. Unlike Flat ReST’s treatment
of every successful trajectory as equally informa-
tive (a rejection-sampling baseline), we compare
concentrating experience where the learner is near
competence, and assigning greater credit to the
episodes or actions that provide stronger evidence
of progress.

» ZPD selection assumes that the most useful
experience lies near the learner’s current capa-
bility boundary: interactions that are neither
consistently solved nor consistently failed pro-
vide opportunities to learn from achievable
successes. ZPD selection retains winners
only from instances with empirical win rate
W; € [0.25,0.75], concentrating supervision
on interactions where the current policy has
demonstrated partial competence.

Credit-weighted ReST goes further by dis-
tinguishing which successful experiences and
which decisions within them were most in-
formative, assigning greater weight to diffi-
cult episodes and locally successful actions.
Credit-weighted ReST (offline GiGPO; Feng
et al., 2025) retains the full winner set but sets
w(r;,t) = AP 4 APP, increasing the contri-
bution of difficult successful episodes and of
steps that make progress relative to alternative
trajectories from similar states.

The decoding control instead changes how
experience is generated rather than how it is
selected, testing whether broader or more fo-
cused exploration during trajectory collection
changes the quality of the subsequent learning
signal. Our implementation varies sampling
temperature and nucleus probability during
Grow while keeping Flat ReST selection and
weighting unchanged, isolating the role of ex-
ploration.



We compare these alternative selection, weight-
ing, and exploration strategies under matched com-
pute, filtering, and fine-tuning budgets. All variants
use the same winner filtering, game balancing, opti-
mization procedure, and compute budget, with one
epoch of full-parameter supervised fine-tuning at
learning rate 10~° and batch size 16.

3 Experiments & Results

Our experiments systematically separate protocol
competence (§3.1), the effect of demonstrations
(§3.3) and self-improvement ((§3.4 and §3.5)).

3.1 SLM Protocol Competence is
Environment-Dependent

Interactive environments require models not only
to produce plausible actions but to express them
in the precise format expected by the environment.
Across 2,210 episodes, 1,133 (51.3%) terminate be-
cause of a protocol violation before a game verdict
is reached, compared with 763 (34.5%) reasoning
failures and only 314 (14.2%) successes (Table 1).
An example of an aborted episode from the IM-
AGEGAME environment is shown below:

IMAGEGAME — ABORTED EPISODE (QWEN2.5-3B-
INSTRUCT)

[A(GM]

Let us do the following task. The
goal is to fill an empty grid that
looks like this:

Ooo0ooao

Oo0oao
Ooao
Ooo
000 [m}

A filled grid below is 5 by 5 and
can look like this:

[m]

Ooooo
Oooo

a [m]
a oo
a (mp|
a oo

<goooo
—~oomano

X X

)

[A)GM]

Command: Put an F in second row
fourth column

What is your next command?

IS

[GM|GM]
Invalid instruction format

[GM|GM]
4
Game aborted.

The player emits a well-formed command and then writes the
co-player’s turn as well; the game master rejects the turn and

the episode aborts.

The dominant failure is extra text, accounting
for 33.8% of all episodes (see Figure 2 and Fig-
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ure 3). In a sample of 287 violations from Wor-
dle and Taboo, 189 contained a valid task move
embedded in conversational prose that the parser
could not accept, indicating that many apparent
task failures are instead valid action, invalid inter-
face errors (Appendix B). However, this bottleneck
is strongly environment-dependent. Under sam-
pled decoding, play-rate ranges from 0.96 in Refer-
enceGame to 0.00 in PrivateShared, with Wordle at
only 0.04. Thus, interactive performance cannot be
interpreted solely as task-solving ability: in many
environments, models fail before the environment
can provide the feedback required for learning. Full
per-game failure categories and protocol profiles
are reported in Appendix B, and the same protocol
bottleneck extends beyond the five training games
to the wider clembench suite, where 10 of 13 addi-
tional games are format-bound (Appendix I).

M extra text M malformed move M tag absent M empty response

(a) by model

gemma-2-2» [ EE N KN 1 ¢0/180
Llama-3.2-3B 180/180
gemma-2-2b-it |GG E 214/360
Qwen2.5-78 [INIEEHEE N 202/360
Llama-3.2-3B-It 185/360
Qwen2.5-7B-1t |G Bl 161/360
Qwen2.5-3B 160/360
Qwen2.5-3B-1t |G 5 118/360

25

0 50 75 100%

(b) by prompt / rendering

PO/chat 166/540
PO/raw 500/720
P2/chat 173/540
p2/raw [T I BTN 561/720

0 25 50 75 100%
share of that row's aborted episodes (%)

Figure 2: Relative distribution of abort categories.
Distribution of categories across games (a) different
teacher models and (b) different prompt strategies nor-
malised to 100%

3.2 Protocol competence does not reliably
emerge from scale

A natural explanation for the participation bottle-
neck is insufficient model capacity. However, inter-
active ability is not monotonic with scale (Table 2).
Across five Qwen base models spanning 0.8B-7B
parameters, play-rate varies substantially, with the
0.8B model achieving the highest deterministic par-
ticipation rate (0.59), while several larger models
collapse to zero. Instruction tuning improves par-



Table 1: Protocol failure is a primary bottleneck for small base models. Qwen3.5-0.8B evaluated on the five-
game suite. Under sampled decoding (k=6, 7=0.9), 1,133 of 2,210 episodes (51.3%) terminate in a protocol abort
before a game verdict is reached. Play-rate is the fraction of episodes reaching a win or loss verdict. Deterministic
decoding substantially improves participation, although Wordle and PrivateShared remain inaccessible.

Game n  Abort Loss Win Sampled Deterministic
ReferenceGame 792 28 458 306 0.96 1.00
ImageGame 455 429 26 0 0.06 1.00
Taboo 483 203 272 8 0.58 0.97
Wordle 180 173 7 0 0.04 0.00
PrivateShared 300 300 0 0 0.00 0.00
Overall 2210 1133 763 314 0.49 0.59

M extra text B malformed move Ml tag absent M empty response

I 7
ReferenceGame NI 363
653/1204 aborted [INNEGNGE 111

Taboo N 237
285/784 aborted [N 47
|1

I, 277
ImageGame [ 55
462/532 aborted [INNINGN 130

200 300 400

aborted episodes

100

Figure 3: Number of aborted episodes per abort cate-
gory, by game.

ticipation in matched models but does not elimi-
nate protocol failures (Appendix D). Participation
is also highly sensitive to prompt and output ren-
dering, and this sensitivity extends to other model
families such as Llama and Gemma (Appendix C).
These results suggest that protocol competence is
not a capability that reliably emerges from scale or
generic instruction tuning alone.

Table 2: Protocol competence is not monotonic with
model scale. Deterministic evaluation of Qwen base
models. Larger models do not consistently achieve
higher participation.

Model Size Play-rate CLEMSCORE
Qwen3.5-0.8B 0.8B 0.59 6.67
Qwen2.5-1.5B 1.5B 0.00 0.00
Qwen2.5-3B 3B 0.38 7.04
Qwen3.5-4B 4B 0.00 0.00
Qwen2.5-7B 7B 0.17 0.00

3.3 Protocol competence and task competence
are separable

Teacher demonstrations reveal a clear dissociation
between learning how to participate and learning
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how to solve a game (Table 3). Wordle provides
a direct dissociation between the two: 400 task-
specific demonstrations increase participation from
0/30 to 29/30 episodes, yet produce no wins. The
model therefore learns the interaction format with-
out acquiring the strategic competence required to
solve the game.

Qwen2.5-3B-It 0.72 0.13 1o
Qwen2.5-3B 0.42 0.49
- - 0.8
Qwen2.5-7B-It 0.50 0.13
Llama-3.2-3B-It [SENVET) 0.12 - 0.6 3
—
) g
Qwen2.5-7B 0.50 0.00 04 @
gemma-2-2b-it 0.50 0.50 0.05
- - 0.2
Llama-3.2-3B 0.00 0.00 0.00
} - 0.0
gemma-2-2b 0.00 0.00 0.00
ReferenceGamle Taboo ' ImageGame '

Figure 4: Play-rate by Teacher Model and Playpen
Game

More generally, protocol-only supervision is sub-
stantially more effective than reasoning-only super-
vision at preserving valid interaction, while full
demonstrations provide the largest downstream
improvement. The full per-game demonstration
analysis and supervision ablations are reported in
Appendix E, and protocol repair is robust to the
choice of teacher, including non-instruction-tuned
teachers (Appendix H). These results establish that
protocol competence is a distinct prerequisite for
task competence rather than a by-product of task
reasoning.

3.4 Participation enables learning from
experience

Once the model can participate, self-generated ex-
perience becomes an effective training signal, as



Table 3: Demonstrations primarily establish partici-
pation. Wordle gives a direct dissociation: format repair
restores participation but produces no wins.

Condition Play-rate APlay CLEMSCORE AClem
Base 0.593 — 6.67 —
Protocol-only 0.582 -0.011 857 +1.90
Reasoning-only 0.309 -0.284 7.32  +0.65
Full 0.583 -0.010 9.61 +2.94
Wordle-specific repair
Before repair 0/30 — 0.00 —
After repair 29/30 +29/30 0.00 0.00

shown in Figure 5. Teacher demonstrations in-
crease interactive performance from 6.67 to 14.97
CLEMSCORE, after which self-ReST raises it fur-
ther to 20.27 (Table 4). Thus, demonstrations con-
tribute +8.31 CLEMSCORE, while self-generated
experience contributes a further +5.29. The gains
are concentrated in games where participation has
been established. ReferenceGame improves from
33.3to 61.1 to 82.2, while ImageGame improves
from 0.0 to 8.2 to 15.8. In contrast, Wordle and Pri-
vateShared remain inaccessible throughout. Quali-
tative transcripts contrasting base, demonstration,
and self-ReST behaviour across all five games are
provided in Appendix F.

(a) Winner-budget curve
20

(b) Online ReST: noisy, no sustained gain
105
10.0
18
95

9.0

o

85

clemscore
IS
clemscore

8.0
75

S

7.0
6.5

64 128 256 512 0 1 2 3 4
Winner examples kept Online ReST round

o

Figure 5: Self-ReST learning curves:. Improvement
occurs rapidly once protocol competence has been ac-
quired. The table reports the resulting CLEMSCORES
after training on different numbers of winning trajecto-
ries. Each value corresponds to a single run.

128
12.08

256
18.87

512
14.16

Winning (V) 64
1091

CLEMSCORE

3.5 Credit assignment refines adaptation

Finally, we compare adaptation mechanisms under
matched compute, filtering, and fine-tuning bud-
gets. Credit-weighted ReST obtains the highest
mean CLEMSCORE (19.17) and substantially lower
variance (0.88) than Flat ReST (18.30 + 1.74),
ZPD selection (17.93 4 1.76), and the decoding
foil (17.40 4+ 1.64) (Table 5). However, its mean

63

advantage over Flat ReST is not statistically signifi-
cant after Holm correction. Credit assignment may
therefore refine and stabilise adaptation within an
established interaction channel rather than create
protocol competence itself.

4 Discussion and Conclusion

Our results suggest that interactive learning in
small language models has a prerequisite largely
hidden by conventional task-level evaluation: pro-
tocol competence. Prior work shows that language
models can learn from environment rewards, hu-
man feedback, observation, and conversational in-
teraction (Branavan et al., 2009; Wang et al., 2016;
Liet al., 2017; Kojima et al., 2021; Suhr and Artzi,
2023), while game-playing agents demonstrate in-
creasingly sophisticated language-mediated coordi-
nation (Lewis et al., 2017; He et al., 2017; Narayan-
Chen et al., 2019). These settings generally assume
that learners can already participate. Our results
expose the regime before this assumption holds:
51.3% of base-model episodes terminate in pro-
tocol violations before a game verdict is reached,
and where participation is negligible, no meaning-
ful success is observed. This supports Schlangen
(2022)’s view that following language-game rules
is normative participation rather than formatting
hygiene. More strongly, participation determines
whether feedback can enter the learning loop at all.

Protocol competence is multi-turn, stateful, con-
tingent on environmental feedback, and must be
produced before the Game Master can continue.
This matters because hard abort metrics can make
interactive capability appear discontinuous (Scha-
effer et al., 2023; Lu et al., 2024). Our continuous
per-turn violation analysis therefore complements
binary abort measures. Within the sub-7B Qwen
family, participation is non-monotonic with scale
and is not reliably restored by instruction tuning,
consistent with evidence for non-monotonic scaling
(McKenzie et al., 2023; Wei et al., 2023; Michaelov
and Bergen, 2023) and weaknesses of small models
in multi-turn and agentic behaviour (Laban et al.,
2025; Shen et al., 2024). The key question is there-
fore not only whether a model is capable enough,
but whether it can reliably enter the interactive
regimes that are evaluated in instruction following
and agentic benchmarks, such as IFEval, Follow-
Bench, InFoBench (Zhou et al., 2023; Jiang et al.,
2024; Qin et al., 2024; Zhang et al., 2025) and
benchmarks that expose failures from invalid for-



Table 4: Interaction learning improves performance once participation is established. Each cell reports
play-rate / CLEMSCORE under deterministic evaluation. Teacher demonstrations increase overall CLEMSCORE from
6.67 to 14.97, and self-ReST further increases it to 20.27. Wordle and PrivateShared remain inaccessible throughout.

Game Base +Demos +Self-ReST
ReferenceGame  1.00/33.3 1.00/61.1 1.00/ 82.2
ImageGame 1.00/0.0 1.00/8.2 0.97/15.8
Taboo 0.97/0.0 0.95/5.6 0.43/33
Wordle 0.00/0.0 0.00/0.0 0.00/0.0
PrivateShared 0.00/0.0 0.00/0.0 0.00/0.0
Overall 6.667 14.973 20.266

Table 5: Credit assignment mainly improves adapta-
tion stability. Matched-compute comparison of adapta-
tion mechanisms. Credit-weighted ReST has the highest
mean and lowest variance, although its mean advantage
over Flat ReST is not significant after Holm correction.

Method CLEMSCORE SD
Flat ReST 18.30 1.74
ZPD selection 17.93 1.76
Credit-weighted 19.17 0.88
Decoding foil 17.40 1.64

matting or instruction non-compliance (Liu et al.,
2024; Sclar et al., 2024; Alzahrani et al., 2024; Tam
et al., 2024; Long et al., 2025).

Our teacher and self-training results suggest that
these prerequisites can be acquired through differ-
ent mechanisms. Teacher demonstrations increase
CLEMSCORE from 6.67 to 14.97 primarily by re-
pairing participation, while self-ReST raises it to
20.27. Demonstrations function as an interaction
scaffold, making acceptable participation explicit
before the learner can discover it through expe-
rience. This connects to scaffolding and zones
of proximal development (Vygotsky, 1978; Wood
et al., 1976; Cui and Sachan, 2025; Matiisen et al.,
2020) and developmental evidence that contingent
responding supports learning (Tamis-LeMonda
et al., 2001; Goldstein and Schwade, 2008; War-
laumont et al., 2014; Salhan et al., 2025). Teacher
demonstrations do not repair every game equally,
suggesting that protocol competence combines gen-
eral participation skills with environment-specific
conventions. Once participation is reliable, self-
generated interaction becomes informative. The
limited change in our static, non-interactive capa-
bility probe (an aggregate over MMLU-Pro, BBH,
and CLadder; Appendix G, Table 12) is consistent
with self-ReST primarily improving interactive be-
haviour rather than general reasoning, and theory-
of-mind accuracy is likewise unchanged (Table 13).
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Thus, demonstrations establish access to the in-
teraction channel, while self-generated experience
exploits its feedback.

Prior work shows that self-play and interactive
reinforcement learning can learn from generated
experience, while recent methods improve how re-
wards are assigned across steps (Setlur et al., 2024;
Kazemnejad et al., 2025; Feng et al., 2025; Zhou
et al., 2024; Shao et al., 2024; Liu et al., 2025;
DeepSeek-Al et al., 2025). Our results show that
these methods only help once a model can par-
ticipate reliably: credit assignment can improve
useful interactions, but cannot help when a tra-
jectory ends before meaningful interaction occurs.
This differs from settings such as Playpen, where
learners already participate reliably and self-play
mainly exposes reasoning failures. For smaller
models, the first challenge is therefore not how to
learn from interaction, but how to make interaction
possible in the first place. Interactive post-training
should consequently preserve protocol competence,
since training can improve task performance while
also disrupting participation. Several directions fol-
low: testing whether the same bottleneck appears
in other interactive settings such as tool use, brows-
ing, and coding; measuring participation through-
out training so that task gains do not come at the
cost of reliable interaction; and preserving partici-
pation through protocol replay, auxiliary objectives,
or explicit participation constraints.

More broadly, interactive learning should be
evaluated not only by whether a model eventually
succeeds, but whether it can participate in a way
that makes learning possible. The challenge for
small interactive models is therefore not simply
to make them more capable, but to make them
teachable: able to enter an interaction, maintain
it, interpret its contingencies, and improve from
experience. Protocol competence is thus not pe-
ripheral formatting behaviour; it is the mechanism



connecting interaction to learning.

5 Limitations

Single Model Family All models are Qwen
(Qwen3.5, Qwen2.5). Other model families
(Llama, Gemma, Phi, OLMo) may show differ-
ent participation profiles, especially given how id-
iosyncratic format-following is to pretraining data
mixes.

Single model for all training experiments. Ev-
ery intervention (repair, self-ReST, credit assign-
ment, transfer) is run only on Qwen3.5-0.8B. We
leave it to future work to evaluate whether demon-
strations, ReST staging, credit-weighting variance
reduction hold at 3B or 7B.

Single benchmark family All games are clem-
bench, where any protocol violation terminates the
episode. These are text-only, synthetic, English-
only games with scripted or model interlocu-
tors. Our description of protocol competence
may partly be an artifact of clembench’s unusually
strict parser; environments with lenient parsing, re-
prompting, retries, or soft grading (or real users,
who repair misunderstandings) may not show the
same gate.
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A Description of Games

Taboo is a word-description game played between two model instances. Player A (the describer) is given
a target word together with a list of semantically related "taboo" words it must not use; Player B (the
guesser) must identify the target. Turns alternate under a strict format: the describer’s turns must begin
with CLUE: and the guesser’s with GUESS:, and the game master parses each turn against these templates.
The game runs for at most three guess rounds and is aborted if either player violates the format or the
describer utters the target or a forbidden word. Success is scored by speed (100/t for a correct guess at
turn t; O otherwise). The game probes lexical knowledge and paraphrastic description under negative
constraints, plus the ability to adapt clues after a failed guess.

Wordle is a letter-based word-guessing game in which a single model player must identify a hidden
five-letter word within six attempts. Feedback comes from a deterministic game-master bot, which
annotates each guessed letter as green (correct position), yellow (in the word, wrong position), or red
(absent), rendered textually. Each turn the model must emit a guess in a rigid two-field format (a guess:
line containing exactly one valid five-letter word, plus an explanation), and malformed responses lead
to reprompting and ultimately to an aborted episode. The benchmark includes two assisted variants —
Wordle+clue, where a semantic hint accompanies the puzzle, and Wordle+clue+critic, where a second
model player critiques the proposed guess before it is submitted — but the core demand is the same:
integrating positional letter feedback across turns while never breaking the output format. Scoring again
uses the speed metric.

ImageGame (the drawing-instruction game) is a two-player collaborative construction task. Player
A, the instruction giver, sees a target 5x5 character grid and must convey it to Player B, the instruction
follower, who starts from an empty grid and updates it incrementally in response to A’s natural-language
instructions (e.g., filling particular cells with particular letters). A signals completion with DONE, and the
episode is capped at a maximum number of turns; each of B’s turns must render the current grid state so
the game master can track progress. Target grids come in two flavours — compact, patterned grids that
reward abstract, efficient descriptions, and random grids that force cell-by-cell instruction. Performance is
scored by the F1 overlap (precision/recall over filled cells) between the target grid and B’s final grid, so
the game measures spatial-language generation on one side and faithful instruction following and state
maintenance on the other.

ReferenceGame is a Lewis-style signalling (reference resolution) game. Both players are shown the
same three 5x5 grids, presented in independently shuffled order; Player A is told which grid is the target
and must produce a single referring expression for it, and Player B must then say which of its three grids
the expression picks out. The exchange is a single turn per player, with templated outputs (an expression
from A, a first/second/third answer from B) that the game master parses strictly. Scoring is binary — did
B select the target grid — with no partial credit. The game tests whether A can distil a discriminative,
concept-level description of a visual pattern (rather than an exhaustive one) and whether B can ground
that description against competing distractors.

PrivateShared is a dialogue scorekeeping game with a single model player. The model acts as
a customer holding a set of private slot values (for instance, the details of a travel booking) while a
questioner — played by the game master from a script — elicits them one by one, moving information
from the private to the shared ground of the conversation. Interleaved with these questions, the game
master poses side probes off the main dialogue record, asking whether the interlocutor already knows a
given piece of information; the model must answer yes or no, and all responses must carry the required
tags (e.g., ANSWER: / aside markers), with format violations after reprompting aborting the episode.
Scoring combines slot-filling accuracy in the main dialogue with agreement on the probes (chance-
corrected via Cohen’s k), taken as a harmonic mean. The game thus tests whether a model maintains an
explicit discourse model — tracking not just what is true, but what has been shared with whom, while
simultaneously honouring a two-channel (in-dialogue vs. meta-level) response protocol.
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B Procotol Failure Analysis

Figure 6 shows how early in an interaction episodes fail, with most failures occurring before the game
reaches a verdict, while Table 6 shows that protocol failures are more common than reasoning failures,
accounting for 51.3% of all episodes.

M extra text M malformed move M tag absent M empty response

Taboo — 51 of 285 aborts past turn 1 ImageGame — 21 of 462 aborts past turn 1
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Figure 6: How far episodes progress before they fail.

Table 6: Breakdown of protocol, reasoning, and successful episodes. Failure decomposition across 2,210
evaluation episodes. Most failures occur before reasoning is evaluated because models fail to participate in the
interaction protocol.

Outcome Count %
Protocol failures
Extra text 746  33.8
Invalid action 237 10.7
Invalid value 138 6.3
Missing tag 12 0.5
Protocol subtotal 1133 51.3
Reasoning failure 763 345
Success 314 14.2
Total 2210 100.0
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C Prompt and Rendering Effects

The same model can succeed or fail to play the game simply because we format its output differently.
This shows that the interface can be a bigger barrier to interaction than the model itself, while instruction
tuning helps reduce but does not eliminate these failures. Figure 7 shows that the same model can have
very different play-rates depending on the prompt and output rendering.

The same checkpoint interacts or fails to interact depending only on how its output is rendered

I base M instruct
(c) instruction tuning

(a) scale sweep — 5x4 complete (b) generalisation sweep — 6x4 complete

Qwen3.5-0.8B 0.02 0.00 Qwen2.5-3B-It 0.72 0.89 0.28
Qwen2.5-3B 0.74 0.30 0.78 0.40 _
Qwen2.5-1.5B 0.00 0.79 0.00 0.67 E\C’/
@
N Qwen2.5-7B-1t [IKOVE] 0.24 0.90 0.28 S
o
Qwen2.5-3B 0.30 0.40 a
R Llama-3.2-3B-1t [EOVE] 0.38 0.61 0.17 g
Q
Qwen3.5-4B 0.00 0.00 0.00 0.00 %’
Qwen2.5-7B 0.24 0.76 0.11 0.64 %

Qwen2.5-7B 0.24 0.76 0.11 0.64 gemma-2-2b-it ) 0.04 0.79 0.00

- " h \
PO PO P2 P2 ' Tr— PO PO P2 P2
chat raw chat raw 0.0 0.5 1.0 chat raw chat raw
play-rate

Figure 7: Play-rate changes with prompt and output rendering.

We show that interactive failure depends on how the model is prompted and rendered, which
game it plays, and which model is used. Table 7 shows that changing the prompt or rendering can
substantially change whether a model plays at all. The effects are highly model-dependent: some
models improve dramatically with chat formatting, while others become worse. Instruction-tuned models
are generally more robust, but are still sensitive to rendering.

Table 8 shows what kinds of protocol failures occur. Raw rendering produces substantially more
aborted episodes than chat rendering, while the specific failure type also varies: malformed moves and
extra text account for most failures, with relatively few missing tags or empty responses.

Finally, Table 9 shows that protocol competence varies strongly across both models and games.
Models that participate successfully in one game may fail almost completely in another, and the dominant
failure mode differs by model—for example, some mainly produce extra text while others produce
malformed moves.

Checkpoint PO0/raw (ref.) PO/chat P2/chat P2/raw

Base pp/qs pp/qs pp/qs pp/qs
Qwen2.5-3B 30.00/31.52  +44.44/-13.66  +47.78/-14.85 +10.00/-28.58
Qwen2.5-7B 75.56/33.44  -51.12/-33.44  -64.45/-33.44  -11.12/+12.99

Instruction-tuned pp/qs pp/qs pp/qs pp/qs
Llama-3.2-3B-Instruct  37.78/41.18  +41.11/-11.09  +23.33/-13.93  -21.11/-41.18
Qwen2.5-3B-Instruct 72.22/16.22 +7.78/+2.74 +16.67/-1.35  -44.44/-16.22
Qwen2.5-7B-Instruct 24.44/31.82  +54.45/+8.16  +65.56/+3.10 +3.34/-3.82
gemma-2-2b-it 4.44/0.00 +74.45/+21.34  +74.45/+22.23 -4.44/—

Table 7: Prompt and rendering affect interactive play. Each cell reports play-rate (pp) and change in game score
(gs) relative to PO/raw. Chat and raw denote the output rendering format, while PO and P2 denote the two prompts.
The same checkpoint can therefore exhibit substantially different interactive behaviour under different interface
conditions.
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aborted episodes by category

split n aborted extratext malformed move tagabsent empty resp.
by game
ReferenceGame 1204 653 179 363 111 0
Taboo 784 285 0 237 47 1
ImageGame 532 462 277 55 130 0
by prompt / rendering
PO/ chat 540 166 53 63 50 0
PO/raw 720 500 182 258 60 0
P2 /chat 540 173 38 62 73 0
P2 /raw 720 561 183 272 105 1
all 2520 1400 456 655 288 1

Table 8: Protocol aborts by category. Counts show the number of aborted episodes attributed to each protocol
failure type. Raw rendering produces substantially more aborts than chat rendering, while malformed moves and
extra text account for most failures.

play-rate abort category (% of aborts)
model ReferenceGame Taboo ImageGame all extra malf. absent
Qwen2.5-3B-Instruct 0.72  0.96 0.13 0.67 86 3 11
Qwen2.5-3B 042  0.81 0.49 0.56 23 48 29
Qwen?2.5-7B-Instruct 0.50  0.92 0.13 0.55 89 6 5
Llama-3.2-3B-Instruct 0.56  0.62 0.12 049 25 39 36
Qwen2.5-7B 0.50 0.64 0.00 0.44 33 61 6
gemma-2-2b-it 0.50  0.50 0.05 041 9 55 36
Llama-3.2-3B 0.00  0.00 0.00 0.00 19 57 24
gemma-2-2b 0.00  0.00 0.00 0.00 4 83 13

Table 9: Protocol competence varies by model and game. Play-rate is the fraction of episodes in which a
model successfully participates, reported separately for each game and overall. The remaining columns show the
distribution of abort categories among failed episodes. Models differ not only in overall play-rate but also in the
types of protocol errors they produce.

D Scale and Instruction-Tuning Analysis

Table 10 shows that play-rate does not consistently increase with model size, while instruction tuning
generally reduces protocol failures.

Table 10: Protocol competence is not a monotonic function of scale or instruction tuning. (a) Base Qwen
models exhibit highly non-monotonic participation across model scale; play-rate denotes the fraction of episodes
reaching a verdict. (b) Instruction tuning reduces protocol failures in matched model pairs, but does not eliminate
them. All checkpoints are evaluated without interaction training.

(a) Scale sweep ‘ (b) Base vs. instruction tuned
Model Size Play-rate | Model Tuning Weak-game abort Overall abort CLEMSCORE
Qwen3.5-0.8B  0.8B 0.59 Qwen2.5-0.5B  Base 100% 100% —
Qwen2.5-1.5B 1.5B 0.00 Qwen2.5-0.5B  Instruct 66% 50% 6.33
Qwen2.5-3B 3B 0.38 Qwen2.5-3B Base 69% 47% 7.04
Qwen3.5-4B 4B 0.00 Qwen2.5-3B Instruct 57% 38% 11.33

Qwen2.5-7B 7B 0.17
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E Teacher Demonstration Analysis

Table 11 shows how teacher demonstrations affect both participation and interaction quality across games.
We evaluated both the base and repaired models across all instances, meaning the columns can be directly
compared. For games the base model already plays, its participation rate is maxed out before any additional
training; in these cases, providing demonstrations mostly just improves the quality of its interactions.
When the model fails to participate, it only improves if given training data specific to that game’s rules.
For example, 400 Wordle-specific demonstrations increased participation from 0/30 to 29/30 episodes
(though without producing any wins), whereas the general-purpose demonstrations used for other tasks
left Wordle participation at zero. None of the tested interventions managed to fix participation in the
PrivateShared game.Quality is measured on a scale from 0 to 100.

Table 11: Effect of Teacher Demonstrations in Dialogue Games:

Play-rate Quality
Task Base Repaired Base Repaired
Reference 1.00 1.00 333 61.1
Image 1.00 1.00 0.0 8.2
Taboo 0.97 0.95 0.0 5.8
PrivShared 0.00 0.00 0.0 0.0
Wordle (general) 0.00 0.00 0.0 0.0
Wordle (dedicated)  0.00 0.97 0.0 0.0
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F Qualitative Examples

TABOO — SUCCESSFUL EPISODE (QWEN2.5-3B-INSTRUCT)

[A(GM]

You are playing a collaborative word guessing game in which you have to
describe a target word for another player to guess.

Rules:

(a) You have to reply in the form: CLUE: <some text>. Guesses from the other
player will start with [. .. ]

[A)GM]
CLUE: A collection of musicians performing together

[GM)B]

You are playing a collaborative word guessing game in which you have to
guess a target word that another player describes to you.

You can make one guess at each trial. You win when you guess the target word.
You lose when you cannot guess [. . .]

[GM(B]
GUESS: Band

[GM|GM]
End game.

The episode completes: the guesser recovers the target word.

REFERENCEGAME — SUCCESSFUL EPISODE (QWEN2.5-3B-INSTRUCT)

[A(GM]

You are given three grids, where each of them is 5 by 5 in size.

Grids have empty cells marked with "O" and filled cells marked with "X"
Your task is to generate a referring expression that best describes the
target grid while [. .. ]

[A)GM]

Expression: The target grid has a checkerboard pattern with X in the corners
and center, and O elsewhere, while the other two grids either have all O or
a different pattern with some O scattered.

[GM)B]

You are given three grids, where each of them is 5 by 5 in size.

Grids have empty cells marked with "O" and filled cells marked with "X".
You are also given a referring expression that describes one of the given
grids.

Your task is to [. . .]

[GM(B]
Answer: first

[GM|GM]
first

[GM|GM]
End game.

The episode completes: the follower identifies the target grid.
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IMAGEGAME — ABORTED EPISODE (QWEN2.5-3B-INSTRUCT)

[A(GM]
Let us do the following task. The goal is to fill an empty grid that looks
like this:
oo
m}

ooooo
Ooooo
Ooooo

(]

illed grid below is 5 by 5 and can look like this:

Ooo0oo0oo

a
E

a
[m]

XO0DoOoOo>00000
-
It
=

XX [.o..1

[AYGM]
2 Command: Put an F in second row fourth column
What is your next command?

[GM|GM]
Invalid instruction format

[GM|GM]
4
Game aborted.

The player emits a well-formed command and then writes the co-player’s turn as well; the game master rejects the turn and the
episode aborts.
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F.1 Comparison of Base, Demonstration and Self-ReST Interactions

Figure 8 compares generations from the base Qwen model, with 400 demonstrations from a teacher model

and self-ReSt for five games from Playpen (Horst et al., 2025a).

base (D=0)

+demonstrations (D=400)

+self-ReST

ReferenceGame

1 You are given three grids, where each of them is 5 by 5 in size.
Grids have empty [. . . 1

2 Expression: "X X X X X
XOXO0OX
XXXXX
XOXO0OX
XXXXX

3 invalid format

1 You are given three grids, where each of them is 5 by 5 in size.
Girids have empty [. . . 1

2 Expression: The target grid has all cells filled except for the center
one, which is empty.<lim_cndl>

3 You ere given three grids, where each of them is 5 by 3 in size.
Girids have empty [. . . 1

4 Answer: firstetim_endl>

1 You are given three grids, where each of them is 5 by 5 in size.
Grids have empty [. . . 1

2 Expression: The target grid has empty cells in the center and filled
cells in the comers.<lim_endt>

3 You are given three grids, where cach of them is 5 by 5 in size.
Grids have empty [. . . 1

4 Answer: firstelim_endl>

Taboo

1 You are playing a collaborative word guessing game in which you
have to describe a [ . . 1

2 CLUE: A place where you go

3 You are playing a collaborative word guessing game in which you
havetoguessal. .. ]

4 GUESS: A

1 You are playing a collaborative word guessing game in which you
have todescribeal. . . 1

2 CLUE: Something that moves away from a starting point.<lim_endl>

3 imvalid clue

1 You are playing & collaborative word guessing game in which you
have to describe a [ . . ]

2 CLUE: Something that moves away from a starting point.<im_endl>

3 invalid clue

aborted

ImageGame

1 Let us do the following task. The goal is to fill an empty grid that
looks like [. - . 1

2 Command: Fill the last row with X

3 Let us draw something together. There is an empty grid with a size 5
by 5 like [, .1

®poo=
Ogpp?
OgpooD
OgpooD
OggoD

What is your next command?

1 Let us do the following task. The goal is to fill an empty grid that
looks like [. . . 1

2 Command: Fill the first row with X<lim_endl>

3 Let us draw something together. There is an empty grid with a size §
by S like [. . .1

IXXXXX
XXXXX
XXXXX
XXXXX

XX X X X<lim_endl>

5 invalid formar

1 Letus do the following task. The goal is to fill an empty grid thar
looks like [. . . 1

2 Command: Describe the grid <lim_endl>

3 Let us draw something together. There is an empty grid with a size 5
by 5, like [ .. ]

5 invalid formar

abarted

Wordle

1 You are a language wizard who likes to guess words by using the
given[. . .1

2 explanation: 1 am starting my guess with this word.

guess: apple
explanation: This is a common five-letter English word, and I
am[. . .1

3\ invalid format

1 You are a language wizard who likes to guess words by using the
given[. . .1

2 explanation: I am starting my guess with this word.
guess: apple<iim_endl>

s imvalid format

1 You are a language wizard who likes to guess words by using the
given[.. .1

2 explanation: this is a common five-letter English word, and 1 am
starting my guess with this wosd.
guess: apple<im_cndl>

3 invalid formar

aborted

PrivateShared

1 You are an applicant in a job interview. Here is a description of your
v,

WHAT:-[. . . ]
1 0Ok
3 invalid format

4 What s the next request?

5 When would you be able to start working here?

1 You are an applicant in a job interview. Here is a description of your
cv:

WHAT-[ ]

20k
5 imvalid format

4 What is the next request?

5 When wauld you be able to start working here?

1 You are an applicant in a job interview. Here is a description of your
cv

WHAT [ 1

10k
3 invalid format

4 What is the next request?

5 When would you be able to start working here?

aborted

Figure 8: Sample Interactions from Qwen models + demonstrations/self-ReST across 5 dialogue games.
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G Static Capability Probe and Specialisation of Interactive Gains

To test whether interaction training produces a general reasoning upgrade or a more specific interactive
capability, we evaluate the same three checkpoints (base, +teacher demonstrations, +self-ReST) on a
static, non-interactive probe. The probe is an aggregate accuracy over a fixed suite of standard multiple-
choice and reasoning benchmarks (MMLU-Pro, BBH, and CLadder), scored in the ordinary single-
turn setting with no interaction protocol involved; it therefore measures underlying reasoning ability
independently of participation. The probe peaks after teacher demonstrations and then declines under self-
ReST even as interactive CLEMSCORE continues to rise (Table 12), so the interactive gain from self-ReST
is not a general capability gain. Theory-of-mind false-belief accuracy is likewise unchanged across all
three checkpoints (Table 13). Together these indicate that interaction training teaches a specific capability—
learning from feedback and experience within interactive environments—rather than improving static
reasoning.

Table 12: Static, non-interactive probe. Aggregate accuracy over the static benchmark suite (MMLU-Pro, BBH,
CLadder) for the same three checkpoints. The probe peaks after demonstrations and declines under self-ReST, while
interactive CLEMSCORE continues to rise (Table 4).

Checkpoint Static probe
Base model 30.28
+Teacher demos 35.21
+Self-ReST 33.23

Table 13: Interaction training does not change theory-of-mind. False-belief accuracy is unchanged across the
base, format-repaired, and best (+self-ReST) checkpoints, consistent with interactive gains being specific rather
than a general reasoning improvement.

Checkpoint False-belief accuracy NV

Qwen-base 0.473 300
Format repair 0.473 300
Best (+ReST) 0.473 300
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H Teacher Robustness of Protocol Repair

A natural concern is that demonstrations help only because they transfer a stronger teacher’s general
instruction-following ability—in which case the effect would reduce to teacher scale or instruction tuning.
We separate these explanations by varying the teacher while holding the learner (Qwen3.5-0.8B), the
demonstration budget, the fine-tuning procedure, and the evaluation fixed. Protocol repair persists across
teachers, including a teacher without instruction tuning (Table 14). This indicates that demonstrations are
effective because they expose the learner to examples of valid interaction structure, not because they inherit
the conversational behaviour or instruction-following ability of a larger model. This is consistent with
the main-text finding that protocol competence does not emerge monotonically from scale or instruction
tuning (§3.2).

Table 14: Protocol repair is teacher-robust. Only the teacher varies (base vs. instruction-tuned, weak—strong);
the demonstration cap, learner, supervised fine-tuning, and evaluation are held fixed. Base-learner CLEMSCORE is
6.67.

Teacher Tuning  Scale #demos CLEMSCORE
Qwen2.5-3B base 3B 50 6.67
Qwen2.5-0.5B-Instruct  instruct  0.5B 88 6.22
Qwen2.5-3B-Instruct instruct 3B 136 9.11
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I Protocol Competence Across the Wider clembench Suite

To check that the participation bottleneck is not specific to the five training games, we evaluate the
untrained base policy across 13 additional clembench games and classify each by its dominant failure
mode. A game is format-bound if the model rarely produces a valid move at all—so no learning signal
is ever reached—and reasoning-bound if the model participates but fails to solve the task. Protocol
failure dominates the wider suite: 10 of 13 games are format-bound, including the Wordle variants,
PrivateShared, Codenames, GuessWhat, and the TextMapWorld variants (Table 15). Only Matchlt
(ASCII), ReferenceGame, and Taboo are primarily reasoning-bound. This supports the broader claim that
interactive evaluation frequently measures a prerequisite—entering and sustaining the protocol—before it
measures task-specific reasoning.

Table 15: Which games are protocol-bound for a sub-1B base model. Untrained base policy across the wider
clembench suite. A game is format-bound if the model rarely produces a valid move, and reasoning-bound if it
participates but loses. 10 of 13 games are format-bound: for most of the suite, a small base model never reaches the
point where a reward signal exists.

Game n  Play-rate CLEMSCORE Class

DoND 40 0.38 0.0 format-bound
Wordle (with critic) 30 0.13 0.0 format-bound
Codenames 130 0.00 0.0 format-bound
GuessWhat 60 0.00 0.0 format-bound
PrivateShared 50 0.00 0.0 format-bound
TextMapWorld 50 0.00 0.0 format-bound
TextMapWorld (graph) 30 0.00 0.0 format-bound
TextMapWorld (room) 30 0.00 0.0 format-bound
Wordle 30 0.00 0.0 format-bound
Wordle (with clue) 30 0.00 0.0 format-bound
Matchlt (ASCII) 40 1.00 40.0 reasoning-bound
ReferenceGame 63 1.00 333 reasoning-bound
Taboo 60 0.97 0.0 reasoning-bound
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Abstract

Coding agents operating under ambiguous in-
structions or user prompts must decide whether
to ask clarifying questions or attempt a solu-
tion directly. While clarification from the user
may improve the correctness of the agent’s
solution, each back-and-forth interaction in-
curs user and system costs, forming an ex-
plicit accuracy vs. efficiency tradeoff. Ex-
isting works study clarification behavior but
do not train policies under enforceable clar-
ification budgets; penalty-based approaches
typically require separate coefficient tuning
swept across all clarification budget levels.
We formulate clarification as a Constrained
Markov Decision Process (CMDP) and post-
train Qwen2.5-Coder-7B-Instruct with PPO-
Lagrangian to optimize coding accuracy, sub-
ject to an expected question-budget constraint.
Evaluated on HumanEvalComm with a GPT-
40-mini oracle simulator, the resulting poli-
cies reveal that untuned clarification behavior
is Pareto-inefficient: budget-constrained poli-
cies can simultaneously achieve higher accu-
racy and lower clarification rates than the base-
line model. Across budget levels, we observe
a log-shaped Pareto frontier with diminishing
returns to additional clarification. Gains arise
not from simply asking more questions overall,
but from improved question targeting and better
code generation under ambiguity. Without ex-
plicit supervision, trained policies learn to allo-
cate clarification budget non-uniformly, asking
more frequently on tougher (multi-degradation)
tasks. These results suggest that unconstrained
interactive LLM systems may systematically
use clarification inefficiently.

1 Introduction

Coding agents given ambiguous, incomplete, or
inconsistent task specifications must decide at each
turn: ask a targeted clarifying question to recover
missing information, or submit code directly and

* Equal contribution.
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risk failure. Asking can be decisive on genuinely
underspecified tasks, but each clarification turn
costs user attention and system resources. Learning
when to ask (and, jointly, what to ask) under an ex-
plicit, enforceable budget on expected clarification
cost is the problem we address. Because a single
policy generates both the routing decision and the
clarifying question, our method optimizes the two
together rather than treating question content as
fixed.

Prior work on clarifying questions (Rao and
Daumé III, 2018; Aliannejadi et al., 2019; Wu
and Fard, 2025; Curuksu, 2024) and constrained
RL and LLM alignment (Altman, 1999; Stooke
et al., 2020; Ouyang et al., 2022) does not train the
ask-vs-answer routing policy (the decision at each
turn whether to ask a clarifying question or sub-
mit code) end-to-end under an explicit per-episode
clarification-cost budget. The CMDP framing natu-
rally accommodates arbitrary budgets within a sin-
gle training run, whereas penalty-based approaches
require per-budget coefficient tuning.

We formalize the ask-vs-answer decision
as a Constrained Markov Decision Process
(CMDP; Altman 1999), in which the agent max-
imizes pass@1 (defined as the average fraction
of unit test cases passed per problem, a contin-
uous score in [0,1]) subject to a budget d; on
the expected per-episode question count. We
post-train Qwen2.5-Coder-7B-Instruct (Hui et al.,
2024) with LoRA (Hu et al., 2021) via PPO-
Lagrangian (Schulman et al., 2017; Altman, 1999;
Stooke et al., 2020), whose dual-ascent Lagrange
multiplier enforces the budget without per-budget
penalty tuning. We evaluate policies in (g, pass@1)
space; a policy Pareto-dominates another if it
achieves strictly higher pass@1 and strictly lower
@ simultaneously. Our contribution is not a new RL
algorithm but the end-to-end, budget-constrained
post-training of the ask-vs-answer routing policy:
the CMDP formulation (Eq. (2)) is what defines

The Proceedings of Improving Language Models through Learning from Dialogue Game Interaction, pages 80-96
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the problem, and other constrained-RL optimizers
could target the same formulation.

Contributions.

* We show that untuned LLMs may have Pareto-
inefficient clarification policies: PPO-Lagrangian
training simultaneously achieves higher accuracy
and lower question asking rates, correcting the
baseline’s operating point within a single training
paradigm.

* Empirical Pareto analysis across seven budget
levels reveals a log-shaped frontier with an effi-
cient operating point: beyond a budget threshold,
the friction cost of additional clarifications out-
weighs their marginal accuracy benefit.

* Two structural findings help explain the gains:
policies implicitly learn (1) when to ask, allocat-
ing their question budget non-uniformly without
explicit supervision and asking more on harder
multi-degradation problems, and (2) what to ask,
improving question quality and code generation
under ambiguity.

The complete implementation and trained check-
points are available at our GitHub repository.

2 Related Work

Clarifying questions in NLP. Rao and
Daumé III (2018) rank clarification candidates
via neural expected value of perfect informa-
tion on StackExchange data. Aliannejadi et al.
(2019) study clarifying questions in open-domain
information-seeking dialogue. @ Wu and Fard
(2025) benchmark LLM asking behaviour on
degraded coding specifications without training
a budget-constrained policy. Curuksu (2024)
trains a clarification fallback policy via PPO in
multi-turn orchestration environments, but without
an explicit per-episode budget constraint; their
reward is defined over tool/intent matching rather
than task correctness. Recent work studying
uncertainty-aware and learned clarification: Zhang
and Choi (2025) and Suri et al. (2026) estimate
when clarification is useful, while the Ilatter
also uses RL, but neither trains under explicit
clarification-cost constraints. Sun et al. (2025)
uses multi-objective RL with interaction costs
incorporated through reward shaping rather than
constrained optimization. In coding, Darji and
Lutellier (2025) trains clarification components,
while Vijayvargiya et al. (2026) evaluates inter-
active agents under underspecified tasks; neither
trains a budget-constrained clarification policy.
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Constrained RL and alignment. Constrained
MDPs (Altman, 1999) formalise budget-
constrained  optimisation; PID-Lagrangian
dual updates (Stooke et al., 2020) and reward-
constrained policy optimisation (Tessler et al.,
2018) address stability in constrained RL. Bud-
geted and cost-aware dialogue policies have
likewise been framed as CMDPs (Zhang et al.,
2019; Waki et al., 2025); our contribution is not
the CMDP framing itself but its application to
end-to-end, budget-constrained post-training of the
ask-vs-answer routing policy for multi-turn coding
agents. Reinforcement Learning from Human
Feedback (RLHF; Ouyang et al. 2022) aligns
LLMs via human feedback without per-episode
cost constraints; Safe RLHF (Dai et al., 2023)
extends this via a CMDP formulation with
PPO-Lagrangian to trade off helpfulness against a
harmlessness cost.

3 Method

3.1 CMDP Formulation

We model the multi-turn clarification
task as a CMDP (Altman, 1999) M =

(S,A,P,R,Cy,Cy,dy,dz). Full formal defi-
nitions (state, transition function, reward) are in
Appendix A.

Actions.

a; € {[ASK]q, [ANSWER] ¢ },

ey
where ¢ is a clarifying question and ¢; is Python
code; routing is via prefix log-probability scoring
(Section 3.2).

Costs and budget. The primary cost Cy(a;)
counts the number of distinct atomic questions in
an [ASK] turn, as determined by the user simulator
(details in Appendix A); C, = 0 for [ANSWER].
Counting individual questions rather than turns
prevents the agent from exploiting the budget by
bundling multiple requests into a single [ASK]. The
secondary cost C¢(a¢) = 1 accrues per turn. Bud-
get d; constrains the question count per episode
on average across the training distribution; dy = 4
provides a soft turn-count constraint below the hard
cap Thax = 6.

7* = argmax E;[R] s.t. E;[Cy] < d;, i € {q,1}.
2


https://github.com/Abhinav0710rajput/coding_llms_cmdp

3.2 Interaction Protocol

At each turn the agent outputs [ASK] (passed to a
GPT-40-mini simulator, which returns a factual an-
swer) or [ANSWER] (code executed against hidden
tests; episode terminates). Termination conditions
and routing details are in Appendix A.

3.3 PPO-Lagrangian Optimization

Policy and value heads. The policy is Qwen2.5-
Coder-7B-Instruct (Hui et al., 2024) with
LoRA (Hu et al., 2021) (r=16, a=32); archi-
tecture, value head design, and training objec-
tive details are in Appendix A. We solve Eq. (2)
via Lagrangian relaxation (Altman, 1999; Stooke
et al., 2020), approximated via a simultaneous
primal-dual method over policy parameters and
non-negative Lagrange multipliers A; (question
budget) and Ay (turn budget), with A\j, Ao > 0.

Generalized Advantage Estimation (Schulman
et al.,, 2016). Three GAE streams for X €
{R,Cy,C;} (recurrence in Appendix A) are
whitened to zero mean and unit variance before
combination:

Alre — AR\ A%\, A% (3)

The policy is updated via the clipped PPO objec-
tive (Schulman et al., 2017) (¢=0.2) over continua-
tion tokens only, with prefix tokens excluded from
likelihood ratios (equation in Appendix A).

Dual update. After each rollout batch, and be-
fore the PPO gradient step:

A1 clip(A 4+ 75, (7 — dh), 0, AMimax), (4
A2 ¢ clip(A2 + 7y, (Cr — d2), 0, Agmax), (5)

where C; is the mean turn count per rollout batch;
nx, =0.1, 1, =0.005; X bounds in Table 1. Train-
ing setup, checkpoint selection criteria, and Pareto
frontier construction are detailed in Appendix A.

4 Experimental Setup

Benchmark and evaluation metric. We train
and evaluate on HumanEvalComm (Wu and Fard,
2025), a multi-turn extension of HumanEval (Chen
et al., 2021) in which each problem specification
has been deliberately degraded before being pre-
sented to the model.! Each episode presents the

'Seven degradation types: 1a, 1c, 1p, 2ac, 2ap, 2cp, 3acp;
numeric prefix = number of simultaneous degradations; letter

suffix = type (a = ambiguity, ¢ = contradiction/inconsistency,
p = partial truncation).
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model with a degraded specification; the model
may ask clarifying questions (answered by a GPT-
4o0-mini simulator from the ground-truth oracle) be-
fore submitting a Python solution. Every instance
presented to the model is degraded; HumanEval-
Comm contains no unmodified specifications. Our
primary evaluation metric is pass@1 (defined in
Section 1). We split 772 degraded instances into
303 for training, 52 for validation, and 417 for
held-out testing (split details in Appendix A).

Policy and simulator. We fine-tune Qwen?2.5-
Coder-7B-Instruct (Hui et al., 2024) using
LoRA (Hu et al., 2021)?; both the policy and sim-
ulator receive a system prompt (full text and ra-
tionale in Appendix E; representative episodes in
Appendix D). We train 10 policies at seven bud-
get levels, with two independent runs (different
seeds, otherwise identical) at d; € {0.5,0.75,1.0}
to measure run-to-run variance. The baseline is the
frozen, untrained model (mean pass@1 = 0.690,
q = 0.856). Notably, the budget d; is enforced
only during training via the Lagrange multiplier; at
evaluation the policy generates freely, and budget
compliance is assessed post-hoc from the resulting
question rates. Checkpoint selection and training
curves are in Appendix A.

5 Results

Budget compliance and the Pareto frontier.
Figure 1 plots all trained policies in (g, pass@1)
space. The key efficiency result is d;=0.5: at
@ = 0.453 (roughly half the baseline’s question
rate of 0.856), two independent runs achieve mean
pass@1 € {0.683, 0.719}, neither significantly
different from baseline (both p>0.10, paired ¢-test),
confirming that the budget constraint is enforce-
able at half the question rate without degrading
mean pass@1. Allowing more questions contin-
ues to help: d;=0.75 (§ = 0.782) achieves mean
pass@1 = 0.761 (+7.1%, best run; other run
+5.8%, both p<0.01), and d1=1.0 (§ = 0.859)
achieves mean pass@1 = 0.778 (+8.7%, best run;
other run +7.4%, both p<0.0001). At d;=1.0,
A1 activates at some iterations but does not bind
persistently; above d;=1.0, A\; =~ 0 throughout
training (the budget is slack, see Appendix B), and

2 Artifact licenses: HumanEval is released under the MIT
License; Qwen2.5-Coder-7B-Instruct and HumanEvalComm
are released under Apache-2.0. The GPT-40-mini simulator
is accessed via the OpenAl API under its terms of use. All
artifacts are used in a manner consistent with their intended
research use.



further budget increases yield no marginal accu-
racy gain. In this slack regime, PPO trains without
active question-budget pressure yet still improves
accuracy over the baseline; these high-budget runs
(dq € {1.5,2.0}, A1 = 0) therefore serve as an ap-
proximate unconstrained-PPO control, indicating
that PPO itself contributes to the accuracy gains,
while the Lagrangian constraint is what provides
budget-targeted control and yields the efficient op-
erating point. Across all runs, the turn multiplier
Ao remained O at every dual update: the maximum
batch-mean turn count was 3.33, below the turn
budget do=4. The trained policies are therefore
behaviorally question-only, so our main claims rest
on the question constraint rather than the turn con-
straint; dy serves only as a safeguard against patho-
logical dialogues below the hard cap T1,,,=6.

Diminishing returns and the value of clarifica-
tion. The Pareto frontier in Figure 1 follows a
log-shaped curve: the marginal pass@1 gain per
additional clarifying question decreases as the bud-
get grows. The step from d;=0.5 to d1=0.75
yields a substantially larger accuracy gain than the
step from d;=0.75 to d1=1.0, and beyond d;=1.0
there is no further marginal accuracy gain. This
implies that, beyond a certain budget, the friction
cost of each additional clarification outweighs its
marginal accuracy benefit.

Among our trained policies, d;=0.75 is the only
one to Pareto-dominate the baseline: it achieves
significantly higher pass@1 (+5.8—+7.1%, both
p<0.01) while asking significantly fewer ques-
tions (g € {0.719, 0.782} vs. 0.856; both p<0.01,
paired t-test) across both independent runs. The
d1=0.5 policy achieves comparable pass@1 at
roughly half the baseline question rate (both
p>0.10); one run is above baseline and one be-
low, consistent with budget compliance but not a
reliable accuracy gain at this budget level. Ap-
pendix D (Episode 2) illustrates Pareto domination
concretely. Policies at d; € {0,0.25} fall below
baseline (details in Appendix A), confirming that
suppressing clarification too aggressively is coun-
terproductive.

Performance by degradation complexity. Fig-
ure 2 shows pass@1 broken down by degrada-
tion complexity group: 1-deg (types la, lc, 1p;
n=266) and 2- or 3-deg (types 2ac, 2ap, 2cp,
3acp; n=151). Every policy scores lower on harder
multi-degradation problems, where a single clarify-
ing question can resolve at most one simultaneous
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Figure 1: Pareto frontier in (g, pass@1) space for all
trained policies and the untrained baseline (gray di-
amond), evaluated on 417 held-out problems under
greedy decoding. The log fit illustrates diminishing
returns; from d;=1.0 onward Lagrangian enforcement
weakens or ceases.

spec defect; trained policies tend to ask more ques-
tions on these cases. Question-count breakdowns
by group and by all seven degradation types are in
Appendix C.

Quality over quantity: better questions and
code. Controlling for question count (1Q—1Q
episodes, i.e., episodes where both the baseline
and the trained policy asked exactly one question),
d1=0.75 achieves +7.1% over baseline (p<0.001,
n=490 episodes pooled across both runs, paired
t-test), showing gains do not stem from higher
question counts. The per-episode breakdown (Ap-
pendix C) is consistent with better question target-
ing and code quality under ambiguity.

6 Conclusion

CMDP post-training with PPO-Lagrangian pro-
duces a Pareto frontier in (g,pass@1) space:
trained policies simultaneously achieve higher ac-
curacy and lower question rates than the untuned
baseline. Two structural findings extend this result.
First, policies where the Lagrangian is actively en-
forced (d1 € {0.5, 0.75}, A\;>0) ask more ques-
tions on harder multi-degradation problems while
asking fewer questions overall than the baseline
(Figure 2 and Appendix C), suggesting that CMDP
training reallocates question budget toward more in-
formative contexts rather than reducing it. Second,
gains are driven by question quality and code gen-
eration ability rather than question count: trained
policies significantly outperform the baseline even
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Figure 2: Mean pass@1 by degradation type (417 prob-
lems, greedy decoding). d; € {0.5,0.75,1.0} results
averaged across two independent runs. Error bars are
41 standard error of the mean (SEM).

when both ask exactly one question.

The Pareto-dominant operating point (d;=0.75,
within the binding regime where A;>0) demon-
strates that active Lagrangian enforcement achieves
simultaneous quality and efficiency gains. The log-
shaped Pareto frontier further suggests a practical
design principle: there is a budget threshold be-
yond which the friction cost of additional clarifi-
cations outweighs their marginal accuracy benefit,
and operating beyond it yields no gain. Future work
should examine this framework on naturally occur-
ring ambiguity, larger model scales, and human
rather than simulator oracles. A natural extension is
a dynamic budget that adapts to the estimated com-
plexity or ambiguity of each problem, rather than
enforcing a fixed expected question count across
all episodes.

Limitations

Run-to-run variance. Independent training runs
at the same budget (d; € {0.5,0.75,1.0}) con-
verge to notably different mean pass@1 values
(e.g., 0.683 vs. 0.719 at d;=0.5; 0.778 vs. 0.764
at d;=1.0), indicating sensitivity to random initial-
isation. This limits the reliability of conclusions
drawn from any single run and motivates future
work on more stable training procedures.

Training scale and instability. All policies were
trained under significant compute constraints: only
80 iterations with a mini-batch size of 8 episodes
and 32 episodes per rollout iteration. Small batches
produce high-variance gradient estimates, which
destabilises the dual-ascent updates for the La-
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grange multipliers and likely contributes to the run-
to-run variance noted above. Larger batch sizes,
more iterations, and learning-rate schedules tuned
for the Lagrangian dynamics would likely improve
both convergence reliability and final performance.

LLM-based question simulator. The oracle that
answers clarifying questions is GPT-40-mini run-
ning at temperature 0, making its responses deter-
ministic given the question and ground-truth speci-
fication. This eliminates answer inconsistency as
a noise source, but a greedy deterministic simula-
tor may not reflect the variability of real human
responses: a human might paraphrase, hedge, or
volunteer adjacent information differently across
interactions, all of which would affect the policy’s
learned question-asking strategy.

Single benchmark and small training set. All
results are on HumanEvalComm, a single code-
generation benchmark with a specific set of syn-
thetic degradation types. Whether the learned
strategies and efficiency gains generalise to other
task types or to naturally occurring ambiguity is
untested. The training pool is also small: 303 de-
graded instances from 64 base problems, smaller
than the 417-problem held-out test set. Whether
this scale is sufficient for reliable convergence is
unclear, and likely contributes to the run-to-run
variance observed across seeds.

Scale. Experiments use a 7B-parameter model
with LoRA fine-tuning. Whether the CMDP
approach scales to larger models, whether the
emergent budget-allocation behaviour persists, and
whether the Lagrange multiplier dynamics remain
stable at larger scale are open questions.

Discrete budget coverage. Due to compute con-
straints, we train at only seven discrete budget val-
ues (d; € {0,0.25,0.5,0.75,1.0,1.5,2.0}); the
log fit in Figure 1 interpolates between them. The
true shape of the Pareto frontier between trained
budgets is unverified; the optimal trade-off curve
could differ meaningfully from the fitted log curve
in these intervals.

Disentangling question quality from code qual-
ity. PPO training jointly optimises question-
asking and code generation, making it difficult to
attribute gains solely to improved clarification be-
haviour. Cases where a policy asks comparable
questions to the baseline yet produces better code
suggest that general coding ability also improves



under PPO. Future work should design controlled
ablations, for instance freezing the code-generation
head and training only the question-asking policy,
to cleanly separate these two sources of improve-
ment.
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Appendix
A Implementation Details

Table 1 consolidates all hyperparameters used
across all training runs. All policies use identical
hyperparameters; only the budget d; varies.

CMDP formal definitions. State. At turn ¢, s;
is the full conversation history: the degraded prob-
lem specification x together with all prior question-
answer pairs {(q1,u1), ..., (q—1,ut—1)}. Transi-
tion function. For [ANSWER] actions, the episode
terminates deterministically. For [ASK] actions,
S¢41 incorporates the GPT-4o0-mini user simulator’s
response to ¢;; the simulator runs at temperature
= 0, making its responses deterministic given the
question and ground-truth specification. Reward.
R(s¢,ar) = p(ey) if ap = [ANSWER] ¢, else 0,
where p(c;) € [0, 1] is pass@1: the fraction of hid-
den test assertions passed. Reward is non-zero only
at the terminal step. The training signal optimizes
pass@1.

Policy and value heads. We parameterize the
policy as Qwen2.5-Coder-7B-Instruct (Hui et al.,
2024) with LoRA (Hu et al., 2021) (r = 16,
a = 32) applied to all seven attention and MLP
projection layers (=40M of 7B parameters train-
able). Three value heads VE vCa VCi each
implemented as Linear(h,1024) — GELU —
LayerNorm(1024) — Linear(1024,1) over the
final-layer last-prompt-token hidden state, estimate
expected future returns for the reward, question-
cost, and turn-cost streams. Output layers are
zero-initialized; value MSE gradients backprop-
agate through the shared LoRA representation. A
frozen reference copy (base weights, no LoRA)
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Component Hyperparameter Value
Rank r 16

Scale « 32

Policy (LoRA)  Trainable parameters ~40M
Learning rate 5x107°

LR warmup 20 steps (linear)

Hidden dim 1024

Activation GELU

Value heads Learning rate 1074
Output layer init Zeros

Clipe 0.2

Mini-batch size 8

Max epochs / iteration 4

PPO KL early-stop threshold 0.05
BKL 0.25

Bu 0.01

Value loss coefficient 0.5

0% 1.0

GAE AGaB 0.95
LRS! 0.1

L2YS 0.005

Lagrangian A1, max 10
)\Q,max 5

Turn budget do 4

Episodes / iteration 32

Total iterations 80

Training Checkpoint frequency every 5
iterations

Rollout temperature 0.8

Eval temperature 0 (greedy)

Enisode Max turns Timax 6
P Optimizer 8-bit AdamW
Gradient clipping {2 norm 1.0

Table 1: Hyperparameters used for all training runs.

runs on a second GPU for KL regularization; a
rollout copy (LoRA weights synced each iteration)
handles episode collection. Both 7y and mg_, are
computed via clean forward passes, bypassing Hug-
gingFace logit processors that would otherwise cor-
rupt log-probability scales.

PPO surrogate and prefix exclusion. The policy
is updated via the clipped PPO objective (Schulman
et al., 2017) (¢ = 0.2):

LFPPO — —Et{min (rtAiag,

clip(ry, 1—e, 1+¢€) fliag)}.
(6)
where
779(ac0nt,t | Stvpreft)

re(0) =
t( ) T0o1a (acont,t | Shpreft)

is the probability ratio over continuation tokens
only; the forced [ASKJ]/[ANSWER] prefix is ex-
cluded from both numerator and denominator.


https://doi.org/10.1145/3715109
https://doi.org/10.1145/3715109
https://doi.org/10.1145/3715109
https://doi.org/10.18653/v1/2025.findings-naacl.306
https://doi.org/10.18653/v1/2025.findings-naacl.306
https://doi.org/10.18653/v1/2025.findings-naacl.306
https://doi.org/10.18653/v1/P19-1364
https://doi.org/10.18653/v1/P19-1364

Routing gradient. Routing and generation share
the same LoRA weights: the prefix scores used to
select [ASK] vs. [ANSWER] at rollout time are com-
puted from the same attention and MLP projections
that PPO updates via continuation-token gradients.
When )\ rises, the —Alfltc ? term penalises [ASK]-
turn continuations; the resulting weight updates
shift the model’s logits at the routing step in the
next iteration. Budget enforcement thus propagates
to routing through shared parameters across train-
ing iterations, which is the standard mechanism by
which PPO shapes structured generation behaviour.
As a concrete two-token example, suppose the pol-
icy emits [ASK] what type?. The [ASK] prefix
tokens are excluded from the ratio r, so the gradi-
ent never directly rewards or penalises the decision
to ask; only the continuation what type? enters
the loss. Yet because the prefix logits and the con-
tinuation are produced by the same shared LoRA
weights, updating those weights to make a useful
what type? more likely also perturbs the logits
that produced [ASK]: the routing decision is cou-
pled to the continuation gradient and is shaped as a
side effect of it, rather than being fixed. The routing
decision is therefore learned indirectly, through the
shared parameters, rather than optimised directly
against the sparse pass@1 signal, which would oth-
erwise attribute the entire episode’s outcome to a
single decision token.

Episode protocol. Each episode begins with the
agent receiving a degraded problem specification.
At each turn: (1) the agent generates an action that
begins with [ASK] or [ANSWER], selected via prefix-
scored routing; (2) if [ASK], the question is passed
to the GPT-40-mini user simulator, which holds the
complete specification and returns a factual answer
together with an atomic question count N, setting
Cq = N; (3) if [ANSWER], code is executed against
hidden tests, yielding p = k/n (k of n assertions
passing), and the episode terminates. Episodes
reaching T1,,x = 6 terminate with R = 0.

Atomic question counting. The simulator ap-
pends QUESTION_COUNT: N to its reply, where N
is the number of distinct information requests in
the [ASK] turn. Multi-question turns are charged
Cy, = N > 1, preventing budget exploitation by
bundling questions.

Prefix-scored routing. Given s;, the model
performs a forward pass over the prompt and
scores each prefix via log-softmax over the final-
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position logits. Under the Qwen2.5-Coder tok-
enizer, [ASK] and [ANSWER] each tokenize as
four tokens but share the first ([), so the model
performs a second forward step via KV cache to
score the second distinguishing token of each pre-
fix (ASK vs. ANSWER). The prefix with the higher
two-token sum of log-softmax values is selected;
this is a heuristic approximation to the full four-
token joint log-probability and is distinct from
hard-constraint decoding algorithms that guaran-
tee structural constraints (tries, finite-state accep-
tors, grammar-constrained decoding). At evalu-
ation (temperature = 0), the higher-scoring pre-
fix is selected greedily; during training rollouts
(temperature = 0.8), the prefix is sampled from a
Boltzmann distribution over the two scores. Ties
at greedy decoding default to [ASK]. The model
generates freely after the chosen prefix.

GAE recurrence (Schulman et al., 2016). Three
advantage streams are computed via GAE for X €

{R, Cq,Ct}Z
5 = xp + VX (s141) = V¥ (s1),

AF =D (vrear) 6%
>0

(N

where z; is the stream-specific signal at turn ¢:
R(s¢,as) for X=R, Cy(a;) for X=C, and C(ay)
for X=C}. The v=1.0, Agar=0.95 setting intro-
duces an effective per-turn discount of 0.95” on
advantages at turn depth 7 from the episode end.

Double whitening. Let A}*® = whiten(A}*) de-
note the result of whitening Aiag once more before
the PPO surrogate for numerical stability; this sec-
ond pass scales all terms by 1/4/1 4+ A? + A3 (un-
der stream independence), so A; shifts the advan-
tage threshold rather than amplifying the absolute
gradient magnitude of the constraint term.

Full training objective.
L(0) = L™°+ Bxr. L, — Bu L +0.5 LY, (8)

where Lk, = max(0,E[logmy — logmef]) is
a sequence-level KL from the frozen reference
(clamped non-negative, fkr, = 0.25); Lp
—E[log 7 /|acont|] @ length-normalized entropy
bonus (B = 0.01); and L'F total value MSE
across all three heads. All terms are over con-
tinuation tokens only. Approx-KL is D1,
E[(r; — 1) —log r¢]; if Dy, > 0.05 per mini-batch,
remaining epochs for that iteration are skipped.
Gradient ¢» norm is clipped to 1.0.



Dual update mechanics. The )\ values entering
A28 (via Eq. (3)) within the PPO update are there-
fore the post-dual-update multipliers of the current
iteration. When q > dj, A rises, shifting the sign
threshold in A8: some [ASK] continuations that
ranked as positive flip to negative, making them
less likely to be reinforced by PPO. The absolute
gradient scale is fixed by the second whitening and
is not affected by ;.

Per-iteration training steps. Each PPO-
Lagrangian iteration proceeds as: (1) sync LoRA
weights to the rollout model; (2) sample a batch of
32 episodes from the training pool (user-simulator
API calls concurrent via asyncio); (3) compute
GAE for all three streams; (4) update A\, A2 via
dual ascent (Egs. (4)—(5)); (5) run up to 4 PPO
epochs with early-exit on approx-KL; (6) step
the LR scheduler. Policy and value heads use
8-bit AdamW (Dettmers et al., 2022) (LR 5x10~6
and 10~%; 20-step linear warmup for the policy,
constant thereafter).

Train/eval split. All degraded variants of the
same base HumanEval problem are kept in the
same split, preventing the model from seeing the
ground-truth specification of an eval problem in a
different degraded form during training. A fixed
set of 52 validation problems (stratified by degra-
dation type, sampled with a fixed seed) is used for
all policies, leaving 417 held-out problems for the
main eval results reported here.

Training setup. Training uses 303 degraded in-
stances from the 64 base problems not held out for
evaluation (not all degradation types are available
for every base problem; rare types such as 3acp
exist for only 12 of 164 base problems), running
80 PPO-Lagrangian iterations per budget (=11h on
2xA100-40GB; hyperparameters in Table 1). The
reward signal is exclusively pass@1.

Checkpoint selection. Checkpoints are saved ev-
ery 5 iterations; the 52-problem validation set (strat-
ified by degradation type, seed 99) is evaluated
under greedy decoding at every 10th checkpoint
@iter 9, 19, ..., 79). A checkpoint satisfies the
budget if ¢** < d; on the val set under greedy
decoding; the primary criterion selects the highest
val pass@1 among satisfying checkpoints. If no
satisfying checkpoint exists (as at d; = 0), the fall-
back selects the checkpoint with the lowest cjval;
the d; = 0 result therefore reflects training toward
zero clarification, not a converged zero-question
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policy. The d; = 0.25 run is excluded from the
frontier: it satisfied the budget at validation but
violated it at test time (g'*' = 0.417 > 0.25).

Pareto frontier and evaluation. All seven bud-
get levels are studied; all runs use identical hy-
perparameters, varying only d;. All policies are
evaluated on the 417-problem held-out test set (Sec-
tion 4); statistical comparisons use paired ¢-tests
per run. The baseline is untuned Qwen2.5-Coder-
7B-Instruct under identical multi-turn conditions
(prefix-scored routing, Ty,,x = 6, greedy decod-
ing). Budget compliance is assessed per run on
the test set via one-sample t-test (Ho: pg < di,
a=0.05). At d;=0.75, neither run significantly ex-
ceeds the budget (run 1: §=0.782, p=0.15; run 2:
@=0.719, p=0.86); both are statistically budget-
compliant (n=417, SE ~0.03). At d;=1.0, run 1
satisfies the budget (g=0.859, well below bud-
get), while run 2 significantly exceeds it (g=1.072,
p=0.027). The d; = 0 policy falls below the base-
line and is dominated by d; = 0.5; it does not
Pareto-dominate the baseline. The reported fron-
tier (d; € {0.5, 0.75, 1.0, 1.5, 2.0}) is anchored
to the budget-satisfying run at each level; gains
from budget-violating runs are reported separately
for completeness.

d; = 0.25 run details. The single run reached
cj"al = 0.25 at iter_0079 (val pass@1 = 0.481,
budget-feasible at val selection), but test-time ¢ =
0.417 > 0.25; it is excluded from the Pareto fron-
tier because g**s' > d.

B Training Curves

Figures 3—5 show training dynamics for representa-
tive policies at d; € {0.5,0.75,1.0}. These three
budgets span the efficient region of the frontier:
d1=0 never achieves budget compliance within 80
iterations and the single d;=0.25 run violates the
budget at test time, budgets strictly above d; = 1.0
show A; = 0 throughout training (the constraint
never binds), and {0.5,0.75, 1.0} are the only bud-
gets trained with two independent runs. Each figure
shows four panels across the 80 training iterations:
(1) mean episode reward, (2) mid-training valida-
tion pass@1 evaluated every 10 iterations with the
selected checkpoint marked, (3) mean questions
per episode ¢ with the budget d; as a dashed refer-
ence line, and (4) the Lagrange multiplier A;.

The A; panels directly confirm the budget com-
pliance story from Section 5: for dy = 1.0, A\;



activates at some iterations but does not persist
throughout training, while for d; € {0.5,0.75},
A1 rises early and stabilises at a persistently posi-
tive value, reflecting the dual-ascent feedback loop
enforcing the budget.

C Degradation Type Breakdown

At d1=1.0, mean pass@1 rises on zero-question
episodes (73.7% baseline — 81.1%) and on one-
question episodes (67.8% — 77.4%), consistent
with the model learning to write better code under
ambiguity and to formulate more targeted questions
when clarification is warranted.

Figures 7 and 8 show pass@1 broken down
by all seven individual degradation types (rows)
and question count: 0 questions, exactly 1 ques-
tion, and 2+ questions (columns). For each pol-
icy, episodes are partitioned per run by that run’s
question count and pooled across both runs before
computing means. This finer-grained view reveals
heterogeneous behaviour within the 1-deg group
that is obscured in the aggregate Figures 2 and 6:
ambiguity problems (la) are near-ceiling for all
models regardless of question count; contradiction
problems (1c) show consistent gains for trained
policies in both the 0Q and 1+Q columns, reflecting
improved code-generation quality for contradictory
specs; and truncation problems (1p) show that the
0Q performance gap between trained policies and
the baseline is largely a selection effect i.e. trained
policies have learned to skip asking on the easier
truncation cases, while the baseline skips asking at
random.
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Training Curves: d1=0.5 (run 2) (budget d; =0.5, 80 iterations, best=iter_0059)
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Figure 3: Training curves for d; = 0.5.
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Questions per episode by degradation complexity
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Figure 6: Mean number of questions per episode by degradation complexity group, evaluated on the 417-problem
held-out set under greedy decoding. Settings match Figure 2.
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pass@1 by degradation type and # questions asked (single-degradation)
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Figure 7: pass@1 by degradation type and number of questions asked, for single-degradation types (la, lc, 1p).
Columns correspond to episodes where 0, exactly 1, or 2+ clarifying questions were asked. Per-run pooling: for
policies with two independent runs, each run contributes its episodes independently, classified by that run’s question
count, then pooled before computing means. Error bars are =1 SEM.
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pass@1 by degradation type and # questions asked (multi-degradation)
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D Representative Episode Comparisons

Each episode below shows the degraded specifica-
tion presented to the agent, followed by the con-
versation. All episodes are from the 417-problem
held-out evaluation set under greedy decoding (tem-
perature = 0).

Episode 1. Interaction format; targeted vs. edge-
case questioning (HumanEval/133/promptlp,
type: 1p). The spec body is truncated mid-
sentence; the task description is entirely missing.

Degraded Spec

def candidate(lst):
"""You are given a list of numbers.
You need to return the sum of squared

nnn

Baseline (pass@1 = 0.00, 1 question):
Turn 1 [ASK]
What should be the behavior if the input
list is empty?
Should it return @ or raise an error?
Simulator
The behavior for an empty input list is not
specified
in the provided documentation.
Turn 2 [ANSWER]
0
Trained policy d;=1.0 (pass@1 = 1.00, 1 ques-
tion):
Turn 1 [ASK]
What is the task? Specifically, what should
be done
with the list of numbers?
Simulator
The task is to return the sum of the squared
numbers
in the given list after rounding each

element to the
upper integer (ceiling) first.

Turn 2 [ANSWER]

import math

def candidate(lst):
return sum(math.ceil(x) *x 2 for x in
1st)

The baseline does not yet know what the func-
tion is supposed to compute, yet asks about an edge
case, a question that is only meaningful once the
core task is understood. It receives an uninforma-
tive answer and submits a literal @. The trained
policy identifies that the entire task description is
missing and recovers it in one targeted question.

Episode 2. Pareto efficiency: fewer questions,
higher accuracy (HumanEval/45/promptlp,
type: 1p). The spec description is truncated to a
single ambiguous word: the docstring reads only
“Given length of a side and high, return.”,
omitting the return type and leaving high unde-
fined. The baseline spends its question budget con-
firming the obvious (high = height), but its answer
still fails; the dy=0.5 policy answers immediately
and correctly.

Degraded Spec

def triangle_area(a, h):
"""Given length of a side and high,
return.

nnn

Baseline (pass@1 = 0.00, 1 question):
Turn 1 [ASK]

Is the high meant to be the height of the
triangle?

Simulator

Yes, in this context, 'high' refers to the
height of the triangle.

Turn 2 [ANSWER]

0.5 % a *x h
Trained policy d;=0.5 (pass@1 = 1.00, O ques-
tions):

Turn 1 [ANSWER]

def triangle_area(a, h):
return 0.5 * a * h
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The baseline wastes its question budget confirm-
ing that high means height, information that does
not change the solution, and then outputs a bare
expression instead of a function definition, scoring
0. The trained policy infers the formula directly
from the signature and returns a complete, correct
function without asking anything. This is one con-
crete instance of the Pareto dominance shown in
Figure 1.

Episode 3. Multi-degradation problems require
more questions (HumanEval/126/prompt2ap,
type: 2ap). The spec has two simultaneous degra-
dations: the sort direction is ambiguous and the
duplicate-handling rule is truncated. A single ques-
tion can resolve at most one.

Degraded Spec

def candidate(lst):

[N

Given a list of numbers, return whether
or not they are

sorted in a specific order. If list has
certain duplicate

of the same number,

(]

Baseline (pass@1 = 0.85, 1 question):
Turn 1 [ASK]

What is the specific order that the list
should be sorted in?

Simulator

The list should be sorted in ascending order.

Turn 2 [ANSWER]

def candidate(lst):
return lst sorted(lst)
duplicate rule entirely

# misses

Trained policy d1=1.0 (pass@1 = 1.00, 2 ques-
tions):

Turn 1 [ASK]

1. What is the specific order the list
should be sorted in?

2. How should the function handle lists with
duplicate numbers?
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Simulator

1. The list should be sorted in ascending
order.
2. The function should return False if the
list has more than
1 duplicate of the same number.

Turn 2 [ANSWER]

def candidate(lst):
if 1st != sorted(lst):
return False
from collections import Counter

counts = Counter(lst)
return all(c <= 2 for c in counts.values
M

The baseline resolves the ambiguous sort direc-
tion but never reaches the truncated duplicate rule,
producing a partially correct solution. The trained
policy recognises both signals of missing informa-
tion: the unspecified sort direction and the vis-
ibly cut-off duplicate sentence (“If list has
certain duplicate of the same number,”),
and addresses both in a single two-part question,
recovering the complete specification. This directly
illustrates why Figure 6 shows higher mean ques-
tion counts on harder multi-degradation problems.

E System Prompts

The policy receives a minimal zero-shot system
prompt instructing it to respond with either [ASK]
followed by a clarifying question or [ANSWER] fol-
lowed by Python code, with one action permit-
ted per turn. We deliberately avoided few-shot
examples in the policy prompt: providing demon-
strations would risk biasing the policy toward par-
ticular question styles or strategies, confounding
the learned behaviour with the choice of examples.
The GPT-40-mini oracle simulator receives a sepa-
rate system prompt that grants it access to the full
ground-truth specification and instructs it to answer
only what is asked, without volunteering test cases
or the solution.

The placeholder {original_prompt} in the or-
acle simulator prompt is filled at runtime with the
ground-truth un-degraded problem specification.



Policy system prompt

You are a coding assistant. Given a coding
task below, you must either:
- Ask a clarifying question by responding
with [ASK] followed by
your question.
- Write your Python solution by responding
with [ANSWER] followed
by the code.
Important rules:
- Respond with ONLY one action per turn ([
ASK] or [ANSWER]).
- When you have enough information, write
the code.
- Do not explain your reasoning -- just
output the action directly.

Oracle simulator system prompt (count mode)

You are a helpful assistant who holds the
complete specification
for a coding problem.

Full specification:
{original_prompt}

Note: The agent may refer to the function by
a different name

(e.g., "candidate"). Treat any function name
the agent uses as

referring to the function described above.

Rules:
1. Answer ONLY the specific question(s) the
agent asks.

Do not volunteer extra information.
2. Do not reveal test cases or the full
solution.
3. Keep your answer brief and factual.
4. After your answer, on a new line write
EXACTLY:
QUESTION_COUNT: N
where N is the number of distinct atomic
questions you identified
in the agent's message.

Counting rules for N:

- Each distinct piece of information being
requested = 1.

- "What is X and what is Y?" = 2.

- "What is X?" = 1.

- Conjunctions like "and", "also",
additionally” between separate

requests = separate questions.

- "Describe the full behavior of X" where X

is one concept = 1.

n
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Abstract

This paper presents a semi-structured interview
system composed of multiple LLM compo-
nents, in which an LLM-based interviewer con-
ducts dialogue and another LLM estimates in-
terviewee persona attributes from the dialogue
history and dynamically updated slot informa-
tion. The system prioritizes questions related
to important yet unconfirmed attributes to sup-
port efficient interviews. We evaluate persona
attribute estimation performance when inter-
viewing both human participants and LLM-
based pseudo interviewees under zero-shot and
few-shot prompting conditions. Experiments
across three domains (IT engineer, store staff,
and school teacher) with a total of 39 inter-
views show that persona attribute estimation
is more challenging for human interviewees
than for the LLM pseudo interviewees under
zero-shot prompting. However, introducing
few-shot prompting consistently improves es-
timation performance for human interviewees,
primarily by increasing recall. On the other
hand, its effect on the LLM pseudo intervie-
wees is mixed across domains. A case study
confirms that persona attribute estimation im-
proves when illustrative examples are provided.

1 Introduction

With the advancement of Large Language Models
(LLMs) (Brown et al., 2020), dialogue systems
capable of natural conversation with humans are
being increasingly utilized in scenarios such as
interviews and customer service.

This paper builds on prior work (Hasegawa
et al., 2025) that conducted semi-structured inter-
views (Fielding, 2003a,b; Wengraf, 2001) with an
LLM-based user simulator as a pseudo interviewee.
We explain semi-structured interviews in Section 3.
As discussed in Section 2, that study showed that
the proposed system can effectively carry out such
interviews with the simulator.
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However, the simulator answers from predefined
persona settings and replies “I don’t know” to ques-
tions outside that scope, whereas human intervie-
wees often use vague expressions, include multiple
pieces of information in a single utterance, devi-
ate from the intended topic, and rephrase or shift
perspective rather than frankly admitting a lack
of knowledge (Section 5). These more diverse dia-
logues are not identical to unconstrained real-world
interviews, but they are closer to them than sim-
ulator dialogues and therefore provide a more in-
formative test of interview systems. The objective
of this paper is to improve the ability to accurately
estimate a subject’s persona attributes based on the
conversation history when conducting interviews
with human participants.

In this paper, we use the semi-structured inter-
view approach shown in Figure 1 and conduct in-
terviews with both human interviewees and LLM-
based pseudo interviewees.

Section 3 presents the proposed interview sys-
tem, and Section 4 describes the systems used in
this paper and how the LLMs estimate persona at-
tributes and values. In the proposed system, an
LLM responsible for estimating the interviewee’s
persona attributes infers the interviewee’s attributes
at each dialogue turn based on the dialogue history
and information recorded in slots. This function-
ality enables the system to identify important in-
formation among the information obtained through
the interview, allowing prioritized presentation of
questions related to important persona attributes,
thereby achieving more efficient interviews.

In Section 7, to verify the effectiveness of this
system for human interviewees, we evaluate the
performance of the LLM responsible for estimat-
ing persona attributes. Specifically, we evaluate
the performance in interviews with both human in-
terviewees and LLM-based pseudo interviewees,
and assess the persona attribute estimation perfor-
mance achieved by introducing few-shot prompting
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with examples (Figure 2, Figure 3, Figure 5 in Sec-
tion A of Appendix). Furthermore, we conduct
case analysis on instances where results improved
with the introduction of few-shot prompting. The
contributions of this paper are as follows:

1. Based on the semi-structured interview frame-
work, we repeated the experiments previously
conducted with LLLM-based pseudo intervie-
wees, this time involving both human inter-
viewees and LLLM-based pseudo interviewees,
and compared the system’s persona attribute
estimation performance in both types of inter-
views.

2. We introduced zero-shot and few-shot
prompts to the LLM performing persona at-
tribute estimation and demonstrated that few-
shot prompting improves persona attribute es-
timation performance in dialogues with hu-
man interviewees.

3. We performed case analysis on instances
where persona attribute estimation output
improved with the introduction of few-shot
prompting, and demonstrated cases where
few-shot prompting functions effectively.

2 Related Work

In the field of dialogue systems, extensive research
has been conducted on interview-oriented dialogue
systems. Interview dialogue encompasses diverse
elements such as question generation, dialogue
management, and dialogue strategies, and has been
the subject of wide-ranging research (Zeng et al.,
2023; DeVault et al., 2014; Johnston et al., 2013;
Kobori et al., 2016; B et al., 2020; Nagasawa et al.,
2024; Ge et al., 2023; Inoue et al., 2020). Among
these studies, research on dialogue systems for job
interviews is notable (Su et al., 2019, 2018). In-
oue et al. (2020) developed a system in which an
android robot serves as the interviewer. This sys-
tem analyzes keywords and satisfaction levels con-
tained in user utterances and generates follow-up
questions based on four predefined topics. Schatz-
mann and Young (2009) proposed a statistical mod-
eling approach that simulates user responses for
the purpose of optimizing dialogue strategies.

In recent years, rapid advances in LL.Ms have
led to improvements in dialogue system perfor-
mance (Geiecke and Jaravel, 2024). In particular,
combining LLMs with slot-filling architectures has
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been shown to achieve both advanced language
understanding capabilities and flexible dialogue
control (Hudecek and Dusek, 2023; Jacqmin et al.,
2022; Siddique et al., 2021; Coope et al., 2020).
Furthermore, by leveraging the high contextual
understanding capabilities of LLMs such as GPT,
question generation based on dialogue flow and
previous utterance content, as well as flexible in-
terview dialogue according to the situation, have
become possible (Sun et al., 2024; Feng et al., 2023;
Heck et al., 2023). Additionally, Wagner and Ultes
(2024) demonstrated that combining LLMs with
rule-based or slot-based dialogue management en-
ables finer control of dialogue flow. Research on
dynamic slot generation has also been conducted
in fields other than interview systems. For exam-
ple, Komada et al. (2024) proposed a method for
maintaining narrative consistency by automatically
generating slots from dialogue history in tabletop
role-playing games (TRPGs). In the medical field,
Hashimoto et al. (2025) developed a dialogue sys-
tem to support career interviews by nursing man-
agers and reported improvements in both interview
efficiency and quality. Zenimoto et al. (2025) pro-
posed a dialogue system that collects health ques-
tionnaire information from elderly people through
casual conversation, implementing topic-guided di-
alogue that acquires target information by guiding
LLMs using Chain-of-Thought prompting.
Additionally, Hasegawa et al. (2025) proposed
a dialogue control framework using LL.Ms that
can efficiently ask questions by accumulating infor-
mation obtained during dialogue as slots in semi-
structured interviews with multiple interviewees.
Based on these prior studies, this research focuses
on semi-structured interviews that dynamically gen-
erate and update slot sets based on interviewee ut-
terance content. While research on semi-structured
interviews has been conducted previously (Parfen-
ova, 2024; Hu et al., 2024), most rely on static or
manually designed control strategies, and the flexi-
ble generation and control of questions according
to subject utterances has not been sufficiently exam-
ined. Furthermore, the utilization of information
obtained from past interviews in new interviews
has not been adequately studied. This study eval-
uates the proposed framework not only through
simulations with LLM-based pseudo interviewees
but also through semi-structured interviews with
human participants. It further investigates the im-
pact of introducing few-shot prompting on persona
attribute estimation based on dialogue history and
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Figure 1: Diagram of Structured and Semi-Structured Interviews

slot information.

3 Semi-Structured Interviewer by LLMs

In this study, we implement a semi-structured in-
terview system using LL.Ms based on the dialogue
control framework (Hasegawa et al., 2025). Semi-
structured interviews are an interview format in
which the interviewer can flexibly ask additional
questions according to the interviewee’s response
content. Since questions can be adapted to the
interviewee and situation, this approach has the
advantage of eliciting more diverse responses com-
pared to structured interviews based solely on pre-
determined questions. The upper half of Figure 3
shows the overall processing flow of the interview
system used in this study. The system consists of
multiple LLMs that generate questions, create new
slots, and record and update slot values from the
interviewee’s utterances.

Figure 3 illustrates the processing flow of the
proposed semi-structured interview system, includ-
ing LLM modules for question generation and slot
creation and update, and shows where each step
takes place within the interactive system. In step
1, the system generates a new slot, “Current jobs”,
and a new question is generated (step 2). Next, the
interviewee answers the question (step 3), and the
system fills the newly created slot with the answer
(step 4). Finally, the system determines whether the
saved response qualifies as a persona attribute. If it
does, the response is saved with the corresponding
slot values filled in (step 5). In other words, step
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3 is the interviewee’s answering of the question,
whereas step 5 is the system’s inference, based
on that answer, of whether the interviewee pos-
sesses the corresponding persona attributes. The
system then determines whether to proceed to the
next question; if it determines that the interview
has been sufficiently conducted, the interview ends
(step 6).
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Figure 3: Diagram of Semi-Structured Interviews with Few-Shot Prompts

4 Persona Attributes and Values
Estimation through Semi-Structured
Interviews

A persona represents the character or role of an in-
terviewee, referring to personal information and
background information. Information collected
through interviews is maintained as slots within
the system. Each slot consists of a slot name and
value pair. The slot name represents an abstract
topic or attribute category (e.g., current career, hob-
bies, etc.), and the value stores the interviewee’s
utterance content. At each turn of the interview, the
system generates new slots and updates the values
of existing slots based on the dialogue history.

New slot generation is performed through two
types of methods. One is a method where the LLM
generates slots for asking in-depth questions to the
interviewee. The other is a method for generat-
ing new slots from a diverse candidate set of slot

names. As one component of this system, we in-
troduce an LLLM that estimates the interviewee’s
persona attributes based on dialogue history and
slots. This LLM estimates the interviewee’s per-
sona attributes at each turn from the dialogue his-
tory and currently held slots. The estimation result,
the estimated persona attributes, is labeled with
whether the question regarding that attribute has
not yet been asked or has already been asked. This
enables prioritized generation of questions related
to unasked estimated persona attributes, avoiding
duplicate questions while improving information
collection efficiency.

5 Human versus LLMs as Interviewees

There are differences in interview dialogues de-
pending on whether the interviewee is human or an
LLM (Figure 5 in Section A of Appendix).
Human interviewees typically provide diverse
responses: vague or ambiguous expressions, an-
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swers that do not fully align with the question, mul-
tiple pieces of information in a single utterance,
topic deviation, or a shift in perspective rather than
answering “I don’t know.” In contrast, the LLM-
based pseudo interviewee used in this study, as
well as that of Hasegawa et al. (2025), generates
responses based on predefined persona settings, or
replies “I don’t know” when the question is outside
that scope. We give human participants the same
instruction as the LLLM interviewee: when a ques-
tion is not covered by the assigned persona, they
are told not to invent an answer. However, unlike
the LLM, humans do not restrict themselves to the
fixed response “I don’t know,” and this remaining
diversity is a challenge addressed in this paper. As
shown in Table 2 in Section A of Appendix, when
the interviewee is an LLM-based pseudo intervie-
wee, a specific response other than “I don’t know”
about “leadership style” led the system to output
that attribute. When the interviewee is human, the
system did not treat the corresponding answer as
important, and the attribute was not output.

6 Few-Shot Prompt for LLM-based
Interviewer

In the proposed interview system, we apply few-
shot prompting to the LLM responsible for esti-
mating the interviewee’s persona attributes (Fig-
ure 3). Under the zero-shot condition, the persona
attribute estimation LLM’s prompt is given no ex-
amples at all, and persona attributes are estimated
based solely on the interviewee’s utterance con-
tent. In this case, since the LLM is not provided
with explicit decision criteria through examples, it
relies primarily on knowledge from its own pre-
training and the interviewee’s response content to
estimate persona attributes. As a result, estimation
may become unstable, particularly for diverse and
ambiguous utterances from human subjects.

In contrast, under the few-shot condition, a small
number of examples for persona attribute estima-
tion are provided as prompts to the persona attribute
estimation LLLM. This gives the estimation LLM
explicit decision criteria for inferring persona at-
tributes. As a result, the system can more appropri-
ately estimate persona attributes from the subject’s
utterance content, and improvements in estimation
accuracy are expected. This comparison is impor-
tant for clarifying the impact of few-shot prompt-
ing on persona attribute estimation performance for
both LLM-based pseudo interviewees and human

interviewees. Specifically, we examine how few-
shot prompting affects estimation for LLM-based
pseudo interviewees, and how effectively it handles
the diverse utterances of human interviewees.

7 Evaluation

7.1 The Procedure

In this study, we used the proposed interview sys-
tem as the interviewer and set either an LLM-based
pseudo interviewee or a human subject as the in-
terviewee. For all LLMs in the system, we used
GPT-40' (gpt-40-2024-11-20). Both LLM and hu-
man interviewees were provided with pre-created
persona settings in advance to ensure reproducibil-
ity. The persona settings assigned individual values
to each of 10 common persona attributes (Table 3
in Section A of Appendix). Personas were classi-
fied into three domains: “IT engineer,” “store staff,”
and “school teacher.” We prepared 10 types of per-
sonas for each domain, and the LLM-based pseudo
interviewee was designed to respond to questions
related to content described in the persona settings
based on the described content, while responding
with “I don’t know” when asked about topics not
described in the persona settings.

For dialogue control implementation, we used
LangGraph?.

First, using zero-shot prompting for the prompt
of the LLM responsible for estimating persona at-
tributes, we conducted interviews sequentially with
both human and LLM interviewees. We conducted
interviews with three LLM-based pseudo intervie-
wees for comparison purposes and 13 human in-
terviewees in each of the three domains. These 39
human participants were all different individuals;
each was assigned a distinct persona profile and
took part in only one domain, for a total of 9 LLM
interviews and 39 human interviews.

Next, using few-shot prompting for the prompt
of the LLLM responsible for estimating persona at-
tributes, we conducted interviews again sequen-
tially with the same interviewees. In this case as
well, we conducted 39 interviews similarly. We in-
structed participants to provide the same responses
under the few-shot condition as they did under the
zero-shot condition. Because this paper focuses
on persona attribute estimation from the dialogue
history, rather than on changes in the interviewees

"https://openai. com/index/hello-gpt-40/
https://github.com/langchain-ai/langgraph
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Table 1: Examples of Improvements in Persona Attribute Estimation Before and After Few-shot Introduc-

tion(Example 1: “School Teacher” domain)

‘ ‘ Utterance

Estimated Persona Attribute

System What subjects were you particularly good at, when you were in school?

Interviewee | I was particularly good at math when I was in school. Favorite subjects in school
System Could you tell me which subjects you were particularly good at in school?

Interviewee | I was particularly good at computer science courses when I was in school. Favorite subjects in school

(a) Excerpted Few-shot Prompt Examples Used in the Experiment(“IT engineer” domain)

Zero-shot

Few-shot

Observed Dialogue

What was your strongest subject in school?

What was your strongest subject in school?

I was good at Japanese language and literature classes when |
was in school.

I was good at Japanese language and literature classes when |
was in school.

Persona Attribute Estimation Results

LLM Persona Attribute Esti-
mation

Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Human-annotated Persona At-
tribute (Ground Truth)

Future vision Future vision

Family Family
Promotion or job change Hobbies
Hobbies Career/Workplace

Past Career
Favorite subjects in school

Future vision

Values on Education
Promotion or job change
Hobbies

Past Career

Favorite subjects in school

Future vision

Values on Education
Promotion or job change
Hobbies

Past Career

Favorite subjects in school

(b) Model Estimations and Human-annotated Ground Truth (red colored persona attribute indicates the difference in persona

attribute estimation between zero-shot and few-shot)

LLM
3 Interviewees’ macro average

0.80

0.60

ITEngineer Store Staff SchoolTeacher total

1.00 1.00 1.00 1.00
0.93 ‘ 0.92 | 0.94 ‘ 0.93 |

M zero-shot

Human
13 Interviewees’ macro average

p < 0.01
0.94 0.93 0.93 0.93
0.88
0.85 0.85
I 0.83 I I
IT Engineer Store Staff SchoolTeacher total
u few-shot

Figure 4: Evaluation Results of Estimating Persona Attributes (macro average of thirteen interviewees in each

domain

)

themselves, we consider the impact of interview
order on the evaluation to be small.

To avoid the examples included in few-shot
prompting being identical to the interviews being
evaluated, the examples were created from domains
different from the evaluation target domain. Specif-
ically, for experiments in the “IT engineer” and
“store staff”” domains, we used few-shot examples
from the “school teacher” domain, and for experi-

ments in the “school teacher” domain, we used few-
shot examples from the “IT engineer” domain. This
enabled evaluation of few-shot performance under
settings where the evaluation target and few-shot
domains were not identical. This design also indi-
cates that the framework can be extended to a new
domain simply by adding examples, which we con-
sider far more scalable than traditional rule-based
or domain-specific dialogue systems. The few-shot
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examples were created based on preliminary ex-
periments (3 people per domain) conducted before
the main experiment. From dialogue logs obtained
in the preliminary experiments, we distinguished
items appropriate as persona attributes from items
that should not be treated as attributes, and pro-
vided examples as positive and negative cases for
persona attribute estimation. The negative exam-
ples are intended to illustrate typical responses that
should not be treated as persona attributes, and
they are designed to cover representative patterns
of ambiguous, indirect, and non-attribute-based re-
sponses that frequently occur in actual interviews
(e.g., generalizations, scene descriptions, impres-
sions only, and abstract evaluations). Although
the selection of these examples is not fully system-
atized, they reflect typical patterns of frequently
occurring ambiguous responses.

To evaluate how accurately the proposed inter-
view system could estimate interviewee persona
attributes, we used recall, precision, and F-score as
evaluation metrics. In this study, human evaluators
reviewed the entire dialogue history and defined in-
ferable persona attributes of the interviewee as the
ground truth. One annotator was assigned to each
domain to create the ground-truth data. Although
this process involves subjective judgment, the inter-
view questions are designed to elicit clear answers;
therefore, we consider it straightforward to decide
whether persona attributes can be inferred from
the responses, and we regard the remaining ambi-
guity in ground-truth creation as extremely small.
The objective of this evaluation is to measure how
closely the LLM can approach such human annota-
tion. The persona attributes output by the system
after the interview conclusion were treated as esti-
mation results. Recall was calculated with the num-
ber of persona attributes defined as ground truth
as the denominator and the number of persona at-
tributes matching the system’s estimation results as
the numerator. A predicted persona attribute is not
judged by exact string matching. Because human
answers are diverse, we treat a prediction as correct
when the interview history allows the judgment that
the interviewee possesses the corresponding per-
sona attribute. Therefore, recall represents a value
indicating to what extent the system could identify
persona attributes that were inferable through the
interview. On the other hand, precision was calcu-
lated with the total number of persona attributes
estimated by the system as the denominator and the
number of persona attributes matching the ground

truth as the numerator. Therefore, precision is an
indicator showing what proportion of the persona
attributes estimated by the system were appropri-
ate. F-score was calculated as the harmonic mean
of Precision and Recall. Using these evaluation
metrics, we evaluated which persona attributes the
system could estimate and how accurately and com-
prehensively during the interview process.

Finally, based on a total of 39 interviews con-
ducted by 39 interviewees (13 per domain), each
with a distinct persona profile, 3 across three do-
mains, we constructed a distribution of statistics
under the null hypothesis to examine whether there
is a difference in the F-scores between zero-shot
and few-shot conditions. Specifically, we grouped
the 78 F-scores obtained under both conditions
into a single set, randomly reassigned them into
two groups, and calculated the mean difference be-
tween the two groups. By repeating this process
1,000 times, we estimated the distribution of the
mean difference that would be obtained if the null
hypothesis were true. We calculated the p-value by
evaluating how extreme the observed mean differ-
ence between zero-shot and few-shot was within
this estimated distribution. If the resulting p-value
fell below the significance level of 0.05, we con-
clude that it was unlikely the observed difference
arose by chance.

7.2 Evaluation Results

Figure 4 presents the evaluation results in terms
of macro average of F-score for the “IT engineer,”
“store staff,” and “school teacher” domains. Fig-
ure 4 gives the evaluation results for 13 human
interviewees in each domain, while for compari-
son purposes, it also gives the evaluation results
for three LLM-based pseudo interviewees in each
domain.

First, from the comparison of human intervie-
wees and LLM-based pseudo interviewees under
the zero-shot condition, a tendency was observed
for persona attribute estimation to become more
difficult in dialogues with human subjects. For
example, in the “IT engineer” domain, the macro
average F-score under the zero-shot condition was
0.93 for the LLLM pseudo interviewee but decreased
to 0.88 for human interviewees. Similarly, in the
“store staff” domain, the LLM pseudo intervie-
wee achieved 0.92 while the human interviewee

3Details on the 39 interviewees are presented in section B
of Appendix.
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achieved 0.83. These results suggest that estimat-
ing persona attributes becomes more difficult in
interviews with human subjects.

Next, for human interviewees, the few-shot con-
dition surpassed the zero-shot condition in all do-
mains. In fact, the p-value was under 0.01, indi-
cating that there is a significant difference in F-
scores between zero-shot and few-shot. The macro
average F-score consistently improved across all
domains for human interviewees, suggesting that
introducing few-shot prompting contributes to im-
proved persona attribute estimation performance
for human utterances. On the other hand, for LLM-
based pseudo interviewees, while improvement in
macro average F-score was observed with the few-
shot condition in the store staff domain, slight de-
creases in macro average F-score were confirmed
in the “IT engineer” and “school teacher” domains.

Table 1 shows a case comparing persona attribute
estimation results between zero-shot and few-shot
conditions in the “school teacher” domain. In this
case, under the few-shot condition, dialogue ex-
amples belonging to the “IT engineer” domain are
presented as prompts in advance. In these few-shot
examples, the correspondence relationship between
the interviewer’s questions and persona attributes
extracted from the corresponding utterance content
is explicitly shown. In the conversation under the
zero-shot condition, although the interviewee re-
sponds as “I was good at Japanese language and
literature classes when I was in school.”, the LLM
could not identify the persona attribute correspond-
ing to “Favorite subjects in school” (in red colored
character) from this utterance. On the other hand,
under the few-shot condition, a similar utterance
about favorite school subjects was obtained, and
in this case, it can be seen that the LLM correctly
estimated the corresponding persona attribute “Fa-
vorite subjects in school” (in red colored character).

This result suggests that the few-shot condition
enabled appropriate attribute estimation by provid-
ing the LLM in advance with decision criteria for
mapping utterances to corresponding persona at-
tributes.

Table 4 and Table 5 in Section A of Appendix
show that, in the “store staff”” and “IT engineer” do-
mains, few-shot prompts enable the LLM to more
consistently associate the utterances with the ap-
propriate persona attribute which is not reliably
identified under the zero-shot condition. In Table 4
and Table 5, again, red colored persona attributes
“Workplace relationships” in Table 4 and “Basic

Personal Information” in Table 5 respectively are
among those correctly estimated only with the few-
shot condition but not with the zero-shot condition.

8 Conclusion

In this study, we implemented an LLM interviewer
based on semi-structured interviews and evalu-
ated persona attribute estimation from dialogue
history and slot information, for both LLM-based
pseudo interviewees and human interviewees, with
and without few-shot prompting. Estimation was
more difficult with human interviewees. Few-shot
prompting improved performance for humans in
all domains, mainly in recall, but had mixed effects
for LLM-based pseudo interviewees. Case analysis
confirmed that examples can improve estimation.

As future work, as discussed in section D of Ap-
pendix, in order to make the semi-structured inter-
view a more practical one, we will introduce more
structured persona design. By this, it becomes eas-
ier for the interviewer LLM to efficiently organize
the questions in the dialogue, where, out of those
10 initially set persona attributes, it is expected that
the number of unexplored ones will decrease to
almost zero.

Limitations

In this paper, interviews were conducted with 13
interviewees for each of the three domains (39 in-
terviewees in total). Moving forward, it will be nec-
essary to increase the number of interviewees and
conduct experiments on a larger scale. A potential
risk of this work is the impact on system stability
resulting from the domain change. While we are
currently conducting experiments using three do-
mains, we should conduct further experiments with
additional domains to account for a wider range of
interviewees.
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A Additional Figures and Tables

Figure 5 contrasts typical response characteristics
of human interviewees and an LL.M-based pseudo
interviewee in the semi-structured interview setting.
Table 2 provides example dialogue excerpts com-
paring responses from a human interviewee and an
LLM-based pseudo interviewee. As a complement
for Figure 4 presenting F-score only but not recall
nor precision, Figure 6 presents the evaluation re-
sults in terms of macro average of recall / precision
/ F-score over 13 human interviewees in each of
“IT engineer,” “store staff,” and “school teacher” do-
mains. As shown in the figure, in all the domains,
few-shot achieved improvement over zero-shot in
F-scores, where their improvements in recall are
more dominant than those in precision in each of
the three domains. Table 3 summarizes an example
predefined persona used in the experiments, listing
persona attributes and their values for an IT engi-
neer (“Shota Suzuki”). Table 4 and Table 5 present
additional case studies from the store staff and IT
engineer domains, showing how few-shot exam-
ples help map utterances to the persona attributes
“Workplace relationships” and “Basic Personal In-
formation,” respectively.

B Details on Participants

39 human participants took part in the experiments
described in this paper (13 participants in each of
the three domains). Each participant was assigned
a distinct persona profile and did not participate

in more than one domain. All participants were
students and received no financial compensation.
Prior to the experiments, we explained the purpose
and importance of this study, and all participants
agreed to take part in the evaluation on a voluntary
basis. The following instructions were given to
the participants before the interviews. Participants
were asked (i) to respond to the system’s questions
as interviewees, (ii) to answer by role-playing the
pre-defined persona assigned to them, and (iii) not
to disclose any personal information beyond what
was specified in the persona description.

C Few-shots versus CoT Prompts

What we have given to LLMs as few-shots are far
beyond conventional few-shots but they are nearly
equivalent to CoT studied in Zenimoto et al. (2025)
both in their quantity and quality. Our few-shots
consist of cross domain dialogue history of three
interview sessions as well as all the pairs of slot
names and slot values automatically extracted by
a zero-shot LLM from the given dialogue history.
Here, each interview session corresponds to an in-
terview with an interviewee. All the pairs of slot
names and slot values extracted from the given di-
alogue history, on the other hand, are divided into
positive ones corresponding to persona attributes
of each interviewee and the remaining negative
ones not corresponding to persona attributes. (For
example, few-shots collected from the school teach-
ers domain consist of 31 persona attributes and 43
of those other than persona attributes, while those
collected from the store staff domain consist of
31 persona attributes and 44 of those other than
persona attributes.) Those plenty of few-shots are
valuable information source that represent criteria
when judging whether a pair of a slot name and
a slot value is appropriate as a persona attribute,
which can be regarded as a CoT.

D Persona Attributes Employed in
Experiments

The 10 persona attributes are manually set in ad-
vance before we start interview experiments. The
subset of those 10 persona attributes manually set
in advance and appearing in the actual dialogue are
only a part of the whole ground truth persona at-
tributes. The whole ground truth persona attributes
include the subset of those 10 and also the ad-
ditional ones that are manually selected through
careful examination of the actual dialogue history.
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Figure 5: Diagram of Semi-Structured Interviews with Human and LLM Interviewees by Zero-shot Prompts

Speaker Utterance Estimated Persona Attribute
System: As a manager of the development team, what leadership style do you value

most?
Interviewee: | I value a style that is attentive to others and takes genuine delight in the growth | [[Correct]]: Leadership Style

of team members as if it were my own.

(c) Dialogue between the System and the LLM Interviewee

Speaker Utterance Estimated Persona Attribute
System: What do you particularly focus on or keep in mind when leading your team as

a leader?
Interviewee: | I will maintain a level head and organize the situation so the entire team can | [[Incorrect]]: “None”

move forward with confidence.

(d) Dialogue between the System and the Human Interviewee

Table 2: The differences of responses between Human-interviewee and LLM-interviewee

(shown in Table 1, Table 4, and Table 5).

As clearly shown in those tables, regarding the
comparison between zero-shot and few-shot, we
are successful in achieving higher recall and hence
higher F-score in the task of persona estimation
through semi-structured interview. However, in or-
der to make the semi-structured interview a more
practical one, we will introduce more structured
persona design. By this, it becomes easier for the
interviewer LLM to efficiently organize the ques-
tions in the dialogue, where, out of those 10 initially
set persona attributes, it is expected that the number
of unexplored ones will decrease to almost zero.

E Topic Selection Strategy in Dialogues

In the dialogue session of the proposed method, the
following topic selection strategy is employed.

(1) First, it is randomly selected whether the
follow-up question strategy is to be selected
or not.

(2a) when the follow-up question strategy is se-
lected, a new slot that follows the current
thread of the ongoing dialogue is generated
by the slot generator LLM, and then a new
question for filling the newly generated slot is
composed by the question composer LLM.

(2b) even when the follow-up question strategy is
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ID || Persona Attributes (given | Values of “Shota Suzuki” (given in advance)
in advance)

1 Basic Personal Informa- | Shota Suzuki, 25 years old, Tokyo, Male

tion (Name, Age, Home-
town, Gender)

2 || Personality Strong in logical thinking and highly intellectually curious. Once focused, tends to become deeply
absorbed in tasks and persistently works through problems until they are solved.

3 || Past Career After graduating from a university with a major in information science, joined a current major tech
venture as a new graduate and is now in the third year. In the university laboratory, engaged in
research on image recognition technology and presented findings at academic conferences.

4 || Current Career Working as a backend engineer at a company that operates one of Japan’s largest social networking
services. Mainly responsible for new API development and maintenance/operation of microservices.

5 || Vision for the current ca- | Wants to be involved in designing the overall architecture of large-scale services. Aims to become

reer a tech lead who can participate from the stage of technology selection.

6 || Concerns and Dissatisfac- | Because the organization is large and vertically divided, it’s difficult to see how one’s own work

tion contributes to the overall product. Feels stressed by the large number of coordination tasks such as
meetings and documentation, beyond writing code.

7 || Thoughts on Promotion or | Has a professional orientation toward pursuing technical expertise rather than management. In the

Career Change future, is also considering working at an early-stage startup with greater autonomy.

8 || Hobbies and Personal Life | Hobbies include intellectually challenging board games and weekend bouldering. Often spends
days off reading trending technical books or discussing interesting technologies with friends.

9 || Family Currently living alone near the company, having moved out from the family home in Tokyo. Family
includes parents and a younger sister who is a university student.

10 || Memorable Episodes In his first year at the company, a feature he developed was released, and he saw users on social
media saying things like, “This feature is really useful.” It made him realize that the code he wrote
had a real impact on people’s lives, and it gave him a strong sense of purpose and fulfillment.

Table 3: List of persona attributes for interviewees and values for the first interviewee, IT engineer “Shota Suzuki”
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Figure 6: Evaluation Results of Estimating Persona Attributes (macro average of Recall / Precision / F-scores over
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interviewees)

NOT selected, among the pool of topics for
shifting from current topic to another one, con-
sidering the history of topics already covered
in this dialogue so far, one remaining topic
is randomly selected. A new slot correspond-
ing to the selected topic is then generated by
the slot generator LLM, and a question for
filling that slot is composed by the question
composer LLM.
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Table 4: Examples of Improvements in Persona Attribute Estimation Before and After Few-shot Introduc-

tion(Example 2: “Store Staff” domain)

Utterance

Estimated Persona Attribute

System

Could you share any particularly memorable experiences or thoughts you have
regarding interpersonal relationships in the educational setting?

Interviewee

One of my former students, now an adult, went out of their way to come and
say hello, telling me, “You were scary, but I am who I am today because you
taught me so strictly back then.

Workplace Relationships

System

How do you feel about your relationships with colleagues and supervisors in
the educational setting?

Interviewee

I don’t really have any particular thoughts about my relationship with my boss.

None

(a) Excerpted Few-shot Prompt Examples Used in the Experiment(“sc

hool teacher” domain)

Few-shot

Zero-shot ‘ ‘

Observed Dialogue

How do you feel about relationships in the workplace? For ex-
ample, please tell us about any memorable experiences you’ve
had with colleagues or supervisors.

and supervisors.

How do you feel about relationships in the workplace? For ex-
ample, I’d love to hear about your relationships with colleagues

friendly, relaxed atmosphere.

We have many regular customers, and I enjoy working in this

friendly, relaxed atmosphere.

We have many regular customers, and I enjoy working in this

Persona Attribute

Estimation Results

Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Human-annotated Persona At-
tribute (Ground Truth)

LLM Persona Attribute Esti-
mation

Current career

Workplace relationships
Personality

Past Career

Basic Personal Information

Career/Workplace
Personality
Basic Personal Information

Current career

Workplace relationships
Personality

Past Career

Basic Personal Information

Current career

Workplace relationships
Personality

Past Career

Basic Personal Information

(b) Model Estimations and Human-annotated Ground Truth(red colored persona attribute indicates the difference in persona

attribute estimation between zero-shot and few-shot)

Table 5: Examples of Improvements in Persona Attribute Estimation Before and After Few-shot Introduc-
tion(Example 3: “IT engineer” domain)

‘ ‘ Utterance Estimated Persona Attribute
System Could you tell me what kind of neighborhood you live in?
Interviewee | Ilive in Kanagawa Prefecture Basic Personal Information
System Could you tell me about where you’re from and the environment you grew up
in?
Interviewee | I’'m from Chiba Prefecture Basic Personal Information

(a) Excerpted Few-shot Prompt Examples Used in the Experiment(*“sc

hool teacher” domain)

Zero-shot

‘ ‘ Few-shot

Observed Dialogue

First, I’d like to ask you a basic question: Where do you live?

Could you start by briefly introducing yourself?

I’m from Saitama Prefecture

from Saitama Prefecture.

My name is Takuya Nakamura, I’'m a 38-year-old man. I’'m

Persona Attribute Estimation Results

Human-annotated Persona At-

LLM Persona Attribute Esti-

Human-annotated Persona At-

LLM Persona Attribute Esti-

Hobbies
Family

Hobbies
Family

tribute (Ground Truth) mation tribute (Ground Truth) mation

Personality Personality Personality Personality

Side job Career/Workplace Decision-making process Decision-making process
Basic Personal Information Hobbies Basic Personal Information Basic Personal Information
Promotion or job change Family Promotion or job change Promotion or job change

Hobbies
Family

(b) Model Estimations and Human-annotated Ground Truth (red colored persona attribute indicates the difference in persona

attribute estimation between zero-shot and few-shot)

109




The LM G00HBO00B0O0OO Challenge 2026

Sherzod Hakimov®, Dimitrije Ristic®, Philipp Sadler®, Davide Mazzaccara',
Sabrina McCallum®, Filippo Momente!, Maria Manina®, Karl Osswald®, Dieu-Thu Le<,
Oliver Lemon®, Alexander Koller!, Raffaella Bernardi*, Raquel Ferniandez”,
Mario Giulianelli*, Alessandro Suglia®, David Schlangen®: ©
®University of Potsdam, University of Trento, ®University of Edinburgh,
<Amazon AGI, Germany, °Heriot-Watt University, Saarland University,

*Free University of Bozen-Bolzano, AUniversity of Amsterdam, *UCL, ®DFKI
Im-playschool@googlegroups.com

Abstract

Children acquire language from far less input
than language models, and social interaction is
widely thought to be part of the reason. Dia-
logue games cannot fully replicate human in-
teraction, but they offer a controllable envi-
ronment for simulating situated language use
and for studying how models learn from and
through interaction. The LM Playschool Chal-
lenge builds on this idea, shifting language
model training away from observational data
towards multi-turn language use. Participants
were free to post-train a language model of any
size, using any data or method, with one objec-
tive in mind — to improve its performance on
an unseen set of dialogue games. Our findings
suggest that post-training on dialogue games ef-
fectively teaches game rules and structure and
can support generalisation, especially for small
models — the best system achieved gains of
roughly seven and three times its baseline score
on held-out instances of seen games and on
unseen games, respectively. However, gains
on unseen games were concentrated in a few
games, and larger models improved mainly by
achieving better completion rates. General abil-
ity was largely retained across submitted sys-
tems, owing to the fact that fine-tuning on dia-
logue games produces shorter responses — and
in turn, trigger fewer formatting errors on static
benchmarks. Nearly all submissions relied on
supervised fine-tuning, often followed by pref-
erence optimisation, and none trained on the
dense turn-level feedback offered by Playpen,
leaving this an open direction for future itera-
tions of the challenge.

1 Introduction

The LM Playschool Workshop is concerned with
studying and developing language agents that learn
or improve through social interaction in conver-
sational, collaborative, goal-oriented, multi-turn
environments. The LM Playschool Challenge gave

this broad research programme a concrete empir-
ical realisation by asking whether post-training
large language models through dialogue games—
i.e., goal-oriented tasks governed by multi-turn lan-
guage interaction—can improve their interactive
capabilities. This question is relevant to the de-
velopment of more useful language technologies
because real-world interactions are conversational,
collaborative, goal-oriented, and multi-turn. It is
also relevant to the development of models that
learn and use language in more human-like ways,
both with respect to the formal and functional skills
(Mahowald et al., 2024) they acquire and to the ef-
ficiency of that learning.

Dialogue games provide a useful setting for eval-
uating language agents and their ability to use lan-
guage in interaction. In collaborative dialogue
games, a language agent works with a partner to-
wards a joint goal (Schlangen, 2023). Success
therefore depends on its ability to understand the
task, coordinate with its partner through language,
select appropriate actions, and adapt to the chang-
ing game state across multiple turns. Previous work
has shown that LLMs can be prompted to play a
wide range of interactive language-mediated games
(Chalamalasetti et al., 2023; Li et al., 2023; Qiao
et al., 2023; Xu et al., 2023). These games test
verbal interaction skills that are not adequately cov-
ered by single-turn benchmarks. They can discrimi-
nate between models, correlate with cognitive tests
targeting core executive functions (Momente et al.,
2025), and reveal that current LLMs still fall short
of human performance (Beyer et al., 2024).

Dialogue games are also promising environ-
ments for training language agents because they
provide an intrinsic learning signal derived directly
from success or failure in the game (Wang et al.,
2024a; Cheng et al., 2024; Gul and Artzi, 2024;
Horst et al., 2025). First, this signal evaluates utter-
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ances by how effectively they advance a shared goal
rather than by their local appropriateness alone.
It is also an objective signal, in the sense that it
can be computed programmatically from the game
state without relying on a learned judgment model,
and it is grounded in interaction because task suc-
cess depends on successful communication across
turns. These properties support several approaches
to post-training, including offline learning from
recorded interactions and online learning through
interaction with the game environment.

The study of how language agents learn through
interaction is also informed by work on human lan-
guage acquisition. Human children learn from far
less linguistic input than current neural language
models require (Hart and Risley, 1995; Cristia
et al., 2019; Linzen, 2020), and social interaction
is widely hypothesised to contribute to this data
efficiency (Clark, 2016; Bloom, 2000; Bisk et al.,
2020; Bender and Koller, 2020). Dialogue games
do not reproduce the conditions of human language
acquisition, but they provide a controlled setting
in which to investigate whether learning through
interaction can make model training more effective
and data-efficient.

The LM Playschool Challenge brought together
these three lines of work: language-based games as
a means of evaluating large language models and
their ability to use language in interaction; game-
based and interactive environments for training
large language models; and connections between
human language acquisition and machine language
learning, with particular attention to the role of
social interaction in data-efficient learning. The
challenge asked participants to improve language
agents through model post-training. Participants
were free to choose their base models, data, and
training methods, but were particularly encouraged
to use interaction data. The public Playpen en-
vironment (Horst et al., 2025) provided example
games, learning scripts, and a development evalu-
ation setup. Submitted systems were then evalu-
ated on unseen dialogue games drawn from a pri-
vate version of the clembench framework (Cha-
lamalasetti et al., 2023) as well as on static eval-
uation benchmarks, with improvement measured
relative to each system’s base model. The chal-
lenge received eleven systems from eight teams,
all of which were built on Qwen3.5. Most sub-
missions relied on offline supervised fine-tuning
on Playpen interactions, often followed by DPO
(Rafailov et al., 2023), while two submissions ex-
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plored inference-time methods and only one used
online reinforcement learning.

Across the submitted systems, post-training on
dialogue games teaches models the rules and struc-
ture of the games more effectively than optimal
strategies. The most significant gains were ob-
served in the smallest (2B) models, where the
best system achieved a 7-fold improvement on
unseen instances of training games and a 3-fold
on entirely unseen games relative to the baseline
model, through gains in both game completion and
game quality. These results demonstrate that post-
training can support generalisation, especially for
smaller models, although gains on unseen games
were smaller than those in-domain and were con-
centrated on a small subset of games. For larger
models, improvements were mainly in-domain and
driven by higher completion rates on a wide range
of games. On static benchmarks, despite a slight
overall decline, post-training produced more con-
cise outputs and fewer formatting errors.

These findings are based on the approaches
explored by the submitted systems and therefore
leave several promising directions open. In
particular, no submission trained directly on the
dense feedback that the Playpen provides within
an episode, leaving learning from feedback during
interaction as an interesting direction for future
iterations of the challenge.

2 The Playpen Environment

Playpen is an interactive environment for learning
from and in dialogue games. It supports the use
of dialogue games both as evaluation devices and
as environments for model training by structuring
interaction around the standard observe—act loop
and providing access to turn-level and episode-level
rewards. It can be considered as a learning-oriented
wrapper around the clembench package, which in
itself focussed on evaluation and not learning. For
the challenge, we re-wrote the environment used in
(Horst et al., 2025) with a focus on ease-of-use and
extensibility.!

A dialogue game in clembench (and hence,
in Playpen) involves one or more player agents
whose interactions with the environment and with
one another are mediated by a programmatic
GameMaster. At each turn, an agent receives an ob-
servation containing the dialogue history together

"The package is being developed further; the current

state can be found at https://github.com/1lm-playpen/
playpen.
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with any game-specific state that is available to
its role, and produces an action. Depending on
the game, the action may take the form of a move
command, a clue, a guess, or a message to an-
other player. The GameMaster processes the action,
checks that it satisfies the rules of the game, updates
the game state, and returns the next observation to-
gether with any associated reward. This process
continues until the game reaches a terminal state.

Beyond standard game-specific reward signals,
Playpen can also incorporate additional sources of
feedback, such as responses from judgment models
or verifiers, and provide agents with access to tools.
Integration with the PettingZoo (Terry et al., 2021)
and Gymnasium (Towers et al., 2025) provides
interfaces for multi-agent and single-agent learn-
ing, respectively, while integration with OpenEnv
sandbox (OpenEnv Technical Committee, 2025)
supports isolated execution of game environments.
Playpen is designed around the clembench suite
of games (Chalamalasetti et al., 2023; Schlangen
et al., 2026). Users can customise existing games,
define task-specific scores and reward functions,
generate new game instances, or design new games
altogether.

Specifically for the challenge, we provided a
simple command-line interface through which a
candidate model could be validated on a specific set
of game-instances held back from the training set,
as well on some static benchmarks; as described in
more detail in the next section. We also packaged
up transcripts from previous runs of the benchmark
(as documented at https://clembench.github.
io) into an easy to process format, for experiments
with learning from demonstrations.

3 Evaluation

The LM Playschool Challenge asked participants to
post-train a baseline model and submit the resulting
model checkpoint. (Note: What we call baseline
model here are publicly released, instruction-tuned
and post-trained models that form the basis for our
continued post-training; not to be confused with
base models that are only pre-trained.) We evalu-
ate these checkpoints following Horst et al. (2025),
comparing each post-trained model with the cor-
responding base model across three main dimen-
sions. In-domain performance measures improve-
ment on unseen game instances of the clembench
games that were available during training. Out-of-
domain performance is evaluated on previously

unpublished clembench games, providing a mea-
sure of how well improvements transfer to tasks
that were not available during post-training. Fi-
nally, we evaluate whether models retain their gen-
eral capabilities after post-training using a set of
static benchmarks (e.g., MMLU-Pro, Wang et al.,
2024b).

In addition to this main evaluation, we conduct
separate validation runs on the game instances in-
cluded in the official P1aypen validation set and on
the static benchmark tasks released to participants
as part of the challenge package. All evaluation
runs were carried out after the submission dead-
line using a fixed evaluation pipeline and the same
configuration across submissions.?

3.1 In-Domain Evaluation

In-domain evaluation measures whether post-
training improved a model’s gameplay on the
distribution of games it was trained on, but us-
ing unseen game instances. The in-domain set
consists of 16 games and game variants fea-
tured in the Playpen training set and available
as part of clembench. The instances were pro-
duced following the standard recipe for the bench-
mark. The instances, together with the ma-
terial described in the next section, are now
available at https://github.com/1lm-playpen/
Im-playschool-2026-closed-set.

3.2 Static Benchmark Evaluation

Static benchmark evaluation assesses whether post-
training improves or deteriorates general capabili-
ties. We evaluate each model on 100 instances from
each of five static benchmarks: BigBenchHard
(BBH; Suzgun et al., 2023; Srivastava et al., 2023),
CLadder (Jin et al., 2024), EQ-Bench (Paech,
2023), IFEval (Zhou et al., 2023), and MMLU-Pro
(Wang et al., 2024b).

3.3 Out-of-Domain Evaluation

Out-of-domain evaluation measures whether im-
provements acquired through post-training trans-
fer to games that are beyond the training distri-
bution, or whether the model has overspecialised
to the games available during training. For this
purpose, we introduce a set of 13 new, previously
unpublished games and game variants; hence, par-
ticipants didn’t have access to them when they

>The full runs, including all transcripts of game-
play, are available at https://github.com/1lm-playpen/
1Im-playschool-2026-final-results.
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submitted their final checkpoints. Five are new
games developed for the challenge (CHRONICLE,
CLOCKWORK COURIER, CRYPTOLECT, TOWER
OF HANOI, and GET TO THE POINT), two are
new variants of games already available during
training (CLEAN UP — SEMANTIC TEXT and
WORDLE CRAZY), and four are adaptations of
games from TextArena (Guertler et al., 2025)
(SOKOBAN, BLACKJACK, FROZEN LAKE, and
MASTERMIND).

CHRONICLE is a two-player historical deduction
game. The game features a Narrator who describes
a secret historical event (such as a battle, scien-
tific discovery, or a political milestone) to a Detec-
tive over 10 turns, one sentence at a time, without
naming the event or using forbidden event-specific
nouns. The game evaluates a model’s world knowl-
edge as well as the ability to describe and recognise
an event from partial descriptions.

CLOCKWORK COURIER is a single-player plan-
ning and navigation game played on a dynamic map
that changes according to a pre-defined timetable.
A courier must collect every parcel on the map and
deliver it to its designated destination before time
runs out. Map navigation is further complicated
by gates that open and close on a fixed timer and
guards that patrol predefined routes. The full map
and timetable are available to the player from the
beginning, making the task one of planning under
known, deterministic dynamics. The game assesses
the ability to plan and timely execute actions over
a dynamically changing environment.

CRYPTOLECT is a single-player grammar induc-
tion game in which the model assumes the role of
a field linguist learning an unknown constructed
language through interaction with a programmatic
informant. The final task is to translate a set of
previously unseen sentences into the new language.
The game evaluates the ability to acquire informa-
tion through interaction, infer latent rules from evi-
dence, and generalise these rules to new examples.

GET TO THE POINT is a two-player word-
association game where one player, the Helper,
attempts to guide the other, the Seeker, from a fixed
starting word towards a hidden target word through
indirect clues. The game resembles Taboo, which
is included in the in-domain set, but differs in its
communication constraints. Rather than avoiding
a list of forbidden words, the Helper may use the
starting clue word and up to three additional words
on each turn. The game therefore evaluates se-
mantic reasoning as well as, given its similarity to

Taboo, a model’s ability to transfer skills acquired
on a related training game to a task with different
interaction rules.

TOWER OF HANOI is a text-based implemen-
tation of the classic puzzle, featuring three pegs
and disks of varying sizes. The model must move
all disks to a target peg, moving only one disk per
turn and never placing a larger disk on top of a
smaller one. The game evaluates state tracking and
multi-step planning.

We additionally include two previously unseen
variants of in-domain games. In CLEAN UP — SE-
MANTIC TEXT, two players are given a 7x7 ASCIIL
grid containing letter objects at different positions.
The goal is to rearrange the objects on their private
grids so that identical objects occupy matching co-
ordinates. Unlike in the original game, explicit
coordinates and row or column instructions are
forbidden, and players are required to describe lo-
cations relative to objects in the surrounding en-
vironment. In WORDLE CRAZY, the core game
mechanics remain the same as in WORDLE, but the
mapping between guesses and colour-coded feed-
back is altered. Models must therefore infer and
adapt to the modified feedback convention rather
than relying on the standard WORDLE rules.

Finally, SOKOBAN, BLACKJACK, FROZEN
LAKE, and MASTERMIND are well-known games
integrated from TextArena. They test several forms
of general-purpose planning and reasoning: spa-
tial planning, decision-making under uncertainty,
navigation under stochastic dynamics, and logical
deduction from constrained feedback, respectively.

3.4 Evaluation Pipeline

For evaluation, each author submitted a merged
model checkpoint via HuggingFace, along with
information about the baseline model it was fine-
tuned from. Authors also had to submit an entry
for the clemcore model registry, specifying the con-
figuration to use during evaluation.’

In total, six teams submitted fine-tuned check-
points, while two teams took part with inference-
time approaches guided by process reward mod-
els.* All fine-tuned submissions were evaluated
with temperature set to O and a max token limit of
5000. For the two special submissions, we used the
default token limits and temperatures provided in

3https://github.com/clp-research/clemcore
*The two inference-time approaches decided not to submit
a technical report.
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their code, and set the search budget to best-of-4
sampled responses due to resource constraints.
Evaluation was run on a cluster of 4 x A100
80GB GPUs provided by the University of Pots-
dam. We evaluated the submitted checkpoints ,
along with 5 baseline models from the Qwen 3.5
(Qwen Team, 2026) and Llama 3.1 (Grattafiori
et al., 2024) families, consuming 415 GPU hours.

3.5 Metrics and Scoring

The main score featured in Playpen (following
clembench) is the Clemscore. For each game, it
combines % Played, the percentage of instances
completed, with a game-specific Quality Score:

% Played

Cl = lity S
emscore = Quality Score X 100

)
The resulting scores are macro-averaged across
games. Performance on the five static benchmarks,
instead, is averaged into the Statscore. We re-
fer to performance on the clembench games and
static benchmarks from the official Playpen vali-
dation subset as Validation Clemscore and Valida-
tion Statscore, respectively. Following Horst et al.
(2025), we report the Clemscore separately for in-
domain (ID) and out-of-domain (OOD) games and
calculate their changes relative to the correspond-
ing baseline models. We use these scores and their
relative changes to derive three further metrics.

To combine our two objectives of improving
gameplay while not regressing on general bench-
marks, the adjusted delta (A,q) corrects the
change in Clemscore for any decline in static bench-
mark performance:

Aadj =A+ min(AStatscorm 0) 2)

Here, A is the change in the ID or OOD game
score relative to the baseline, and Agatscore 18 the
change in Statscore. A decline in Statscore reduces
the adjusted delta, whereas an increase leaves it
unchanged, such that A,q; penalises models whose
performance improves at the expense of degraded
general ability.

The generalisation gap (GG) measures how far
OOD performance lags behind ID performance:

GG = Soop — Sip, 3)

where Soop and Sip are the model’s respective
scores. Large negative gaps indicate poor generali-
sation.

e SFT e DPO e RM+BoN e RL

N
L

Number of submissions
N

2B 4B 9B 27B
Qwen3.5 Model Dimension

Figure 1: Number of submission by baseline model
and improvement approach. Submission blending ap-
proaches are subsumed under what came last in their
pipeline, e.g., SFT+DPO is counted as DPO.

The proportion of error reduction (PER) al-
lows improvements from models with different
baseline scores to be directly compared. Larger
models generally start from stronger baselines and
therefore have less room to improve, so an equal
gain in score does not represent an equal reduction
in the remaining error. PER divides the gain, A, by
the difference between the baseline score, B, and
the maximum score of 100:

A

PER = ——.
100 - B

“)
It therefore expresses the gain as a proportion of
the improvement still possible from that baseline.

We excluded Hot Air Balloon from the in-
domain set of games because baseline models con-
sistently hit the time wall.

4 Submissions

Challenge participants were asked to submit
a paper through OpenReview describing their
methodology, experimental setup, training data,
and training and validation results. They were also
required to submit a model to the Hugging Face
Hub, with a model card containing the checkpoint,
configuration files, and training card.

We received 11 model submissions from eight
teams, six of which submitted papers to Open-
Review: CityUoL, DAIR, playornotplay, Bentel
rockers, Dialogue Architects, Large Language
Problems. Although the challenge placed no
restrictions on model choice, all submissions used
models from the Qwen3.5 family. As reported in
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External Adjusted Adjusted Generali- Error Reduction Error Reduction
Model Team ID A OOD A Benchmarks IDA  OOD A zation Gap (O0D)
qwen3.5-2b 6.70 3.72 41.92 - - - - -
Qwen-GuidePlay-2B-v1 CityUoL & 40.62 6.53 -2.06 38.56 4.47 -37.07 43.54% 6.78%
sft-dpo-v2 DAIR % 46.42 10.84 -2.40 44.02 8.44 -38.56 49.75% 11.26%
sft-vl DAIR 41.54 11.90 -4.55 36.99 7.35 -32.62 44.52% 12.36%
playornotplay-v1.0 playornotplay 3% 33.54 4.16 1.01 33.54 4.16 -32.36 35.95% 4.32%
qwen3.5-4b 29.28  17.99 53.53 - - - - -
Bentel_iter Bentel rockers & 4.02 -1.39 -3.21 0.81 -4.60 -16.70 5.68% -1.69%
Bentel_iter_2 Bentel rockers -0.81 -7.80 -9.89 -10.70 -17.69 -18.28 -1.15% -9.51%
Bentel_iter_3 Bentel rockers 4.46 -1.39 -3.21 1.25 -4.60 -17.14 6.31% -1.69%
qwen3.5-9b 3737 2491 53.85 - - - - -
prm-search-best_of_n BSU-SLIM'V¥ 0.17 -9.73 -7.09 -6.92 -16.82 -22.36 0.27% -12.96%
SCoRe_Qwen3.5-9B Dialogue Architects ll 2.72 -1.54 0.48 272 -1.54 -16.72 4.34% -2.05%
1lp-final Large Language Problems A 22.82 -2.82 0.64 22.82 -2.82 -38.10 36.44% -3.76%
qwen3.5-27b 64.40 4351 63.35 - - - - -
prm-guided-best_of_n SLED-BSU V¥ -1043  -13.49 0.86 -10.43 -13.49 -23.95 -29.30% -23.88%

Table 1: Challenge results. Rows with a grey background report the absolute scores of the baseline models; for
submitted models all columns report differences from the corresponding baseline model. External Benchmarks
reports the static-game ClemScore. Icons in the Team column are the team markers used in the result figures. Bold
values with a pale highlight mark the category leaders highlighted in Section 5.

e SFT e DPO eRL

Policy Format

o
L

e ()
I I

Number of training stages
N

o
|

off-policy on-policy single-turn multi-turn

Figure 2: Policy and format of training strategies. Sub-
missions blending approaches (e.g., SFT followed by
DPO) are counted twice.

Fig. 1, the majority of submissions focused on
improving smaller models, particularly the 2B
version of Qwen3.5. The approaches included
supervised fine-tuning (SFT), direct preference
optimisation (DPO), on-policy reinforcement
learning (RL), and an inference-time strategy com-
bining a reward model with best-of-N sampling
(RM+BoN). SFT was the most common approach,
used by five of the six teams that submitted papers;
Dialogue Architects was the exception. Four
teams subsequently applied DPO. On-policy RL
was used only in the final system submitted by
Dialogue Architects; DAIR and playornotplay also
reported experimenting with online RL but did not
include it in their final submissions.

Figure 2 breaks down the training strategies

by data provenance (on-policy or off-policy) and
interaction format (single-turn or multi-turn),
following the categorisation in Horst et al. (2025).
Most SFT approaches used off-policy data from
Playpen, while DPO approaches were more
evenly distributed across the two categories.
All teams that used DPO experimented with
single-turn data, whereas SFT was applied to both
single-turn and multi-turn data. The Dialogue
Architects submission was the only one to use
online, on-policy training on multi-turn data.

5 Competition Results

Table 1 reports the challenge results for all
submitted systems.  DAIR’s 2B SFT+DPO
system achieved the largest adjusted in-domain
improvement (+44.02), in-domain error reduction
(49.75%), and adjusted OOD improvement
(+8.44). DAIR’s SFT-only variant achieved the
largest OOD error reduction (12.36%). The
largest improvement on the static benchmarks was
achieved by playornotplay (+1.01).

6 Findings

Gains over the baseline are largest for the small-
est model category. As shown in Figure 3, the
largest absolute gains occur among the 2B sys-
tems, which also have the most room to improve
relative to their baseline model. Results at larger
model sizes are more mixed. The 4B and 9B sys-
tems preserve in-domain performance or achieve
moderate to sizeable improvements, but often lose
OOD performance. The 27B system, built on the
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Figure 3: Results for training strategies: grey bars are the baseline model results, the coloured points are the
results for each submission — divided in In Domain games, Out of Domain games, and External Benchmarks. Each
submission is again categorised according to the training strategy. Teams identity is identifiable through marker

icons.

strongest base model, regresses both with respect
to in-domain and OOD performance.

Post-training changes the pattern of perfor-
mance across games. Figure 6 shows that post-
training does not simply raise or lower performance
uniformly across the benchmark. At 2B, the SFT
traces move outward most clearly on the TextMap-
World games and Deal or No Deal, while retain-
ing the baseline model’s already high ImageGame
score. Other game-specific weaknesses remain. At
larger model sizes, post-trained variants likewise
differ from their baseline models in which games
improve, remain difficult, or decline.

OOD and static-benchmark gains are narrow
and do not reliably track in-domain trends.
Figure 3 shows that, at the aggregate level, in-
domain improvements do not translate consistently
into proportionate OOD gains. At the game level,
OOD gains are concentrated in a subset of OOD
games (particularly in Wordle variants) rather than
spread across the full suite, as illustrated in Fig-
ure 6. Likewise, both aggregate and benchmark-
level changes in static benchmark performance
do not consistently track changes in interactive-
game performance (see Figure 3 and Figure 6). To-
gether, these results indicate a disconnect between
aggregate improvements and a broader, game-
independent ability gain.

Training with Dialogue Games Teaches to Fol-
low Game Rules. The two metrics composing
ClemScore measure different aspects of game
play: % Played games is a proxy for the mod-
els’ instruction-following abilities in the game do-
main, while the Quality Score for models’ abil-
ities in game playing. The aggregate results in
Figure 4 show that the strongest 2B systems im-
prove both these aspects. At larger model sizes,
however, changes are less consistently aligned. In
Domain for 4B, 9B and 27B submissions, game-
level changes are mixed, with % Played games
often improving where Quality Score tend to de-
crease with the exception of the LLLP submission.
Fig. 10, for the ID Taboo game, shows the mixed
deltas in terms of quality score for a game that
baseline Qwen models are able to play. Out of
Domain, submissions tend to also complete more
episodes, while their quality is lower. An exam-
ple of an OOD game is Wordle Crazy in Fig. 11,
where the improvements are mostly in terms of
playability. In conclusion, training with dialogue
games, with no emerging distinction among train-
ing strategies, makes models follow more strictly
the structure and rules of the games. This is fur-
ther confirmed by Fig. 9, showing that the most
OQOD quality improvements are in games that are
structurally similar to ID ones (Wordle variants).
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Figure 4: Submissions’ A % Played instances and A
Quality Score for In Domain and Out of Domain Games,
classified according training method and baseline size.
2B submissions tend to improve both these aspects, with
the exception of playornotplay OOD, where unexpect-
edly it only improves quality score. In general, SFT +
DPO seems to produce consistent results for ID games.
For larger baselines, models tend to only increase the
% of played game, with mixed performances ID and
decreased in OD.

Dialogue Games Training Makes Language
More Concise. Post-training with Dialogue
Game improves following games rules and struc-
ture, does this benefit performances on external
benchmarks? Table 2 shows that gains are obtained
for BBH, with decreasing performances for IFEval
in particular (replicating Horst et al., 2025). We
observe that trained models tend to generate more
concise answers, an interesting exception for this
is the RL/SCoRE method, for which the output
length is not significantly shorter on average. In
BBH more concise outputs improve performances,
since baseline models’ outputs suffer from format-
ting errors (i.e., unexpected chain-of-thought and
complete repetition of the answer), that are avoided

by training with game language.’ As shown in
Fig. 5, however, these improvements are balanced
by decreases in terms of corrected answers on the
remaining questions.

Policy and Dialogue Format. Following the dis-
tinction in Horst et al. (2025), Fig. 7 reports the
influence of a series of factors on the final deltas.
In particular, we consider: 1) the training regime:
token vs turn loss, online vs offline training; and
2) the type of data used for training: off-policy
vs on-policy, single-turn vs multi-turn. These pat-
terns should be interpreted as trends rather than
conclusive results. Nevertheless, off-policy data
and multi-turn formats appear to yield consistent
improvements in games, both in and out of do-
main. Learning off-policy from multi-turn dia-
logues means learning from complete demonstra-
tions generated by stronger models, which may
provide information about the overall game struc-
ture rather than a meaningful turn-level learning
signal. Regarding online versus offline learning,
the only online approach, SCoRE/RL, is notably
conservative, as already shown in Fig. 4 and Ta-
ble 2.

7 Conclusions

In this technical report, we discuss the outcome of
the first LM Playschool 2026 challenge. The main
goal of this challenge is to provide a controllable
environment based on dialogue games for simu-
lating situated language use and for studying how
models learn from and through interaction, instead
of passively observing dialogue data. To evalu-
ate whether the resulting models are well-rounded
language users, we first use unseen instances of
dialogue games that the model has seen at training
time. However, to make sure that models develop
language abilities that do not exclusively apply to
training data, our experimental setup values differ-
ent forms of generalisation by evaluating: 1) per-
formance on out-of-domain dialogue games, and 2)
performance on reference-based NLP benchmarks.

The challenge received great interest with 11 sub-
missions across a variety of different model sizes
ranging from 2B up to 27B. Based on the cate-
gorisation of learning-from-interaction approaches
proposed by Horst et al. (2025), most approaches
focused on off-policy training regimes, while only

>This finding is accentuated by the BBH evaluation prompt,
which does not specify the answer format and results in more
errors by the baselines models, due to verbosity.
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Figure 5: BBH error composition relative to the base
model. For BBH questions (n = 104), every incorrect
episode is classified as: a “format error”, where the er-
ror is due to a format issues (the answer is reached but
buried in reasoning or prefixed, e.g. A: (C)), or “non-
format error ” for the remaining cases. Both axes are
differences in instances counts, computed as reduction
in errors (base —submission), so a positive value means
the submission made fewer errors of that class than its
baseline model; the shaded upper-right quadrant there-
fore marks a reduction in both classes at once. Marker
shape denotes the base model, colour the terminal stage
of the fine-tuning pipeline.

one participant used an on-policy training regime
with Reinforcement Learning. Based on our re-
sults, current learning methods provide substantial
gains, particularly for small language models, with
their performance matching or sometimes exceed-
ing base model performance on in-domain games.
However, generalisation remains limited, suggest-
ing that models tend to learn from the surface form
of the language outputs they observe.

While the submissions demonstrate that post-
training on recorded Playpen interactions can pro-
duce substantial improvements, these improve-
ments are uneven across interactive games. The
feedback taxonomy also identifies three promising
directions that the challenge did not test: training di-
rectly on within-episode Game Master corrections,
refreshing preference data as the policy improves,
and learning from feedback supplied—implicitly
or explicitly—by a co-player. Evaluating these
regimes would extend the challenge from learning
game protocols from recorded trajectories towards
learning to adapt to feedback during interaction.

Challenge submissions did not experiment with
chain-of-thought reasoning, and training made the
models’ language more concise rather than more
strategic. Related works have demonstrated that
training with chain of thought on competitive (Liu
et al., 2026) and cooperative (Yuan et al., 2026)
games can teach models more strategic chain-of-
thought reasoning, leading to improvements on gen-
eral benchmarks. Given the number of games and
high-level abilities captured by the Playpen game
environment, incorporating reasoning traces into
training could lead to valuable improvement.

Modelling the multi-turn nature of dialogue
games is essential to perform correct state-tracking
across turns. We believe that the Playpen environ-
ment will facilitate the implementation of multi-
turn training regimes that can leverage signals that
can be derived across multiple turns of interaction.

Finally, building on previous work on multi-
modal dialogue games (Hakimov et al., 2025),
studying the intersection between communica-
tive grounding and visual grounding represents a
promising research direction for future multimodal
conversational agents (Suglia et al., 2024).
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Figure 6: Per-game ClemScore profiles for every base-model size (2B, 4B, 9B, 27B) and its submitted post-trained
variants. Each spoke denotes a game or benchmark, and radial distance gives the score (0-100). The grey trajectory
is the corresponding base model; coloured trajectories are its post-trained variants. Marker icons identify the
submitting team, matching Table 1; colours identify the final-stage method. Differences from the grey line show
which game-specific strengths and weaknesses post-training preserved or changed.

119




A Detailed results

The following plots complement the aggregate
and profile analyses in Section 6. Table 2 illus-
trates how individual benchmark-level changes
contribute to an aggregate increase or decrease in
external benchmark performance. The training-
dimension map in Figure 7 situates submissions
in the feedback taxonomy, providing descriptive
diagnostics rather than controlled estimates of a
training-design effect. The radar plots in Figures 8
and 9 unpack the ClemScore profiles presented in
Figure 6 into their two component parts: outward
movement against the base-model in the Quality
Score profiles indicates better play on that game,
whereas outward movement in the percentage-
played profiles indicates that more episodes were
completed. Comparing the two identifies whether a
game-level change reflects quality, completion, or
both. Finally, the plots in Figures 10 and 11 isolate
concrete example cases where post-training flipped
a base model’s behaviour on an instance-level.
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Quality Score Mean words generated

Model BBH CLad. EQ-B. IFE. MMLU BBH CLad. EQ-B. IFE. MMLU
qwen3.5-2b 8.65 52.00 6320 64.00 23.00 196.1 4833 8.0 611.3 6.4
GuidePlay-2B 2597  0.00 -15.00 -20.00 2.00 1.5 1.2 8.0 346.4 4.0
sft-dpo-v2 193  -3.00 584 -23.00 500 682 737 8.0 228.0 4.0
sft-vl -2.88  -2.00 2.23 -23.00 200 775 1418 8.0 5775 4.0
playornotplay 30.77  -2.00 -11.11 -14.00 5.00 84.6 220.6 8.0 433.7 4.0
qwen3.5-4b 24.04 54.00 68.68 82.00 40.00 150.2 612.8 262 193.7 4.0
Bentel_iter -385  -2.00 -1.28 -5.00 -4.00 2204 6189 8.9 370.7 4.0
Bentel_iter_2 6.73  0.00 -6.79 -46.00 -400 259 932 9.5 261.5 4.0
Bentel_iter_3 -3.85 200 -1.28 -5.00 -4.00 2204 6189 8.9 370.7 4.0
qwen3.5-9b 1827 50.00 7399 82.00 45.00 179.7 702.7 8.0 191.0 4.0
prm-search-bon  -16.35 -4.00 -5.59 -7.00 -1.57 2247 3603  20.0 196.6 52
SCoRe-9B 2.88 1.00 051 -2.00 0.00 172.0 7183 8.0 182.1 4.0
1lp-final 15.38 3.00 1.47 -14.00 -1.57 154 180.3 124 168.5 4.0
qwen3.5-27b 24.04 62.00 8472 82.00 6400 191.7 7553 8.0 1934 4.0
prm-guided-bon 1442 -1.00 -4.14 -1.00 -4.00 61.3 2999 8.0 1784 4.0

Table 2: External benchmark results deltas (Quality Score), with the mean number of words generated per question
(grey columns). Score columns show absolute values for base models and differences to the base for submissions;
length columns are absolute in both cases. Bold marks a significant reduction in output length relative to the base
model (Wilcoxon signed-rank over paired questions, p < 0.05).
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Figure 7: Submission-level map of score changes by four annotated training dimensions: loss granularity, training
regime, policy provenance, and dialogue format. Each coloured point is a post-trained submission’s change from its
base model; colours denote method and shapes denote base-model size. Black markers show the corresponding
base-model results. A submission can appear in more than one category when its pipeline combines training stages.
This figure is descriptive: the categories overlap and are not controlled comparisons of the effects of individual
design choices.
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ADV = Adventure Game REF = Reference Game CHR = Chronicle TMM = TextArena Mastermind
CLN = Clean Up TAB = Taboo CLK = Clockwork Courier ~ TSK = TextArena Sokoban
COD = Codenames TMW = TextMapWorld CRY = Cryptolect TOH = Tower of Hanoi
DND = Deal or No Deal TGR = TMW Graph Reasoning GTP = Get to the Point WCZ = Wordle-Crazy
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Figure 8: Per-game percentage-played profiles for every base-model size (2B, 4B, 9B, 27B) and its submitted post-
trained variants. This decomposes the ClemScore profiles shown in Figure 6. Each spoke denotes a dynamic game,
and radial distance gives the percentage of episodes completed (0—100). The grey trajectory is the corresponding
base model; coloured trajectories are its post-trained variants. Marker icons identify the submitting team, matching
Table 1; colours identify the final-stage method. Differences from the grey line show which game-specific completion
strengths and weaknesses post-training preserved or changed. Static benchmarks are omitted because completion is
near-saturated and does not materially aid interpretation.
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Figure 9: Per-game Quality Score profiles for every base-model size (2B, 4B, 9B, 27B) and its submitted post-trained
variants. This decomposes the ClemScore profiles shown in Figure 6. Each spoke denotes a game or benchmark, and
radial distance gives mean Quality Score (0—100). The grey trajectory is the corresponding base model; coloured

CHR = Chronicle
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trajectories are its post-trained variants. Marker icons identify the submitting team, matching Table 1; colours
identify the final-stage method. Differences from the grey line show which game-specific strengths and weaknesses

post-training preserved or changed.

123




high medium low

o~ &

& >
5 < & S
& & OO Fo < & _o o & @
S S R e‘ & S 5 $ F F e «° \°Q & ¢ O
K SEEE PP 520 A% Se el

&g S
H&QO(@Q”}(A‘Z’D S &S S ¢S5
@/\0(, ¢9<~ oo‘&@b '—; e\g S @gq) Q@Q@ge’bﬁ\)c,ov 3\ \*q@@c)’)o

FESSFFEEEEECES gy cpé%w SEL S FEFF L &S
qwen3.5-2b
SFT
SFT+DPO
SFT
SFT+DPO BN Success
qwen3.5-9b m Aborted
N Loss

RL
SFT+DPO
PRM+BoN

Figure 10: ID Taboo instances flipped from the base models to the trained models. The Qwen baselines are able
to play the game, with very few aborted instances even for the smallest 2B baseline. Trained submissions lead to

improvements in terms of quality scores (flipped instances).

FLEFES SIS TS T &0
awens.s-20 | [l [ 1 N EEEEEEEEEER EEEN
Sl 8 NN B | EEEEEEEEEEN EEEE
ser-oro | [ [ B BN EEEEEEEEEER EEEN
Sl 8 NN N | EEEEEEEEEEN EEEN
ser-oro | [ I B BH N NN NN EENE B EE s
wess I HEEE NN NN E RN NN NN NN NN | == o
Bl EEER EEEEEEEEEER EEEE =
ser-oro | [l 0 0 EEEEEEEEEEN EEEN
er+oon | [ B BE B B | BRI RN ERAEN | B § § |
awens.s-270 1 [ [ BN [ [ ENEEENEEEN | 15
serserviveon | [ [ I B EENEEEEEEER EEER

Figure 11: OOD Wordle Crazy instances flipped from the base models to the trained models. Qwen baselines tend
to abort all episodes, trained submissions are able to follow the rules of the game and play, but mostly losing it

(reflected in the quality score).

124



References

Emily M Bender and Alexander Koller. 2020. Climbing
towards NLU: On Meaning, Form, and Understand-
ing in the Age of Data. In Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics (ACL), pages 5185-5198. Issue: 2.

Anne Beyer, Kranti Chalamalasetti, Sherzod Haki-
mov, Brielen Madureira, Philipp Sadler, and David
Schlangen. 2024.  clembench-2024: A Chal-
lenging, Dynamic, Complementary, Multilingual
Benchmark and Underlying Flexible Framework
for LLMs as Multi-Action Agents. arXiv preprint.
ArXiv:2405.20859 [cs].

Yonatan Bisk, Ari Holtzman, Jesse Thomason, Ja-
cob Andreas, Yoshua Bengio, Joyce Chai, Mirella
Lapata, Angeliki Lazaridou, Jonathan May, Alek-
sandr Nisnevich, Nicolas Pinto, and Joseph Turian.
2020. Experience grounds language. EMNLP 2020 -
2020 Conference on Empirical Methods in Natural
Language Processing, Proceedings of the Confer-
ence, pages 8718-8735. ArXiv: 2004.10151 ISBN:
9781952148606.

Paul Bloom. 2000. How children learn the meanings
of words. Learning, development, and conceptual
change. MIT Press, Cambridge.

Kranti Chalamalasetti, Jana Gotze, Sherzod Haki-
mov, Brielen Madureira, Philipp Sadler, and David
Schlangen. 2023. clembench: Using game play to
evaluate chat-optimized language models as conver-
sational agents. In Proceedings of the 2023 Con-
ference on Empirical Methods in Natural Language
Processing, pages 11174-11219, Singapore. Associ-
ation for Computational Linguistics.

Pengyu Cheng, Tianhao Hu, Han Xu, Zhisong Zhang,
Yong Dai, Lei Han, Nan Du, and Xiaolong Li. 2024.
Self-playing Adversarial Language Game Enhances
LLM Reasoning.

Eve V. Clark. 2016. First language acquisition, 3rd ed
edition. Cambridge University Press, Cambridge.

Alejandrina Cristia, Emmanuel Dupoux, Michael Gur-
ven, and Jonathan Stieglitz. 2019. Child-directed
speech is infrequent in a forager-farmer popula-
tion: A time allocation study. Child development,
90(3):759-773.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,
Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schel-
ten, Alex Vaughan, Amy Yang, Angela Fan, Anirudh
Goyal, Anthony Hartshorn, Aobo Yang, Archi Mi-
tra, Archie Sravankumar, Artem Korenev, Arthur
Hinsvark, and 542 others. 2024. The llama 3 herd of
models. Preprint, arXiv:2407.21783.

Leon Guertler, Bobby Cheng, Simon Yu, Bo Liu,
Leshem Choshen, and Cheston Tan. 2025. Textarena.
Preprint, arXiv:2504.11442.

Mustafa Omer Gul and Yoav Artzi. 2024. CoGen:
Learning from Feedback with Coupled Comprehen-
sion and Generation. In Proceedings of the 2024 Con-
ference on Empirical Methods in Natural Language
Processing, pages 12966—12982, Miami, Florida,
USA. Association for Computational Linguistics.

Sherzod Hakimov, Yerkezhan Abdullayeva, Kushal
Koshti, Antonia Schmidt, Yan Weiser, Anne Beyer,
and David Schlangen. 2025. Using game play to
investigate multimodal and conversational ground-
ing in large multimodal models. In Proceedings of
the 31st International Conference on Computational
Linguistics, pages 56865718, Abu Dhabi, UAE. As-
sociation for Computational Linguistics.

Betty Hart and Todd R. Risley. 1995. Meaningful differ-
ences in the everyday experience of young American
children. Paul H. Brookes Publishing Co.

Nicola Horst, Davide Mazzaccara, Antonia Schmidt,
Michael Sullivan, Filippo Momente, Luca
Franceschetti, Philipp Sadler, Sherzod Haki-
mov, Alberto Testoni, Raffaella Bernardi, Raquel
Fernandez, Alexander Koller, Oliver Lemon, David
Schlangen, Mario Giulianelli, and Alessandro Suglia.
2025. Playpen: An environment for exploring learn-
ing from dialogue game feedback. In Proceedings
of the 2025 Conference on Empirical Methods in
Natural Language Processing, pages 29854-29891,
Suzhou, China. Association for Computational
Linguistics.

Zhijing Jin, Yuen Chen, Felix Leeb, Luigi Gre-
sele, Ojasv Kamal, Zhiheng Lyu, Kevin Blin, Fer-
nando Gonzalez Adauto, Max Kleiman-Weiner,
Mrinmaya Sachan, and Bernhard Scholkopf. 2024.
Cladder: Assessing causal reasoning in language
models. Preprint, arXiv:2312.04350.

Jiatong Li, Rui Li, and Qi Liu. 2023. Beyond Static
Datasets: A Deep Interaction Approach to LLM Eval-
uation. ArXiv: 2309.04369v1.

Tal Linzen. 2020. How can we accelerate progress
towards human-like linguistic generalization? In
Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 5210-
5217, Online. Association for Computational Lin-
guistics.

Bo Liu, Simon Yu, Zichen Liu, Leon Guertler, Penghui
Qi, Daniel Balcells, Mickel Liu, Cheston Tan,
Weiyan Shi, Min Lin, Wee Sun Lee, and Natasha
Jaques. 2026. SPIRAL: Self-play on zero-sum games
incentivizes reasoning via multi-agent multi-turn rein-
forcement learning. In The Fourteenth International
Conference on Learning Representations.

Kyle Mahowald, Anna A Ivanova, Idan A Blank, Nancy
Kanwisher, Joshua B Tenenbaum, and Evelina Fe-
dorenko. 2024. Dissociating language and thought in
large language models. Trends in cognitive sciences.

Filippo Momente, Alessandro Suglia, Mario Giulianelli,
Ambra Ferrari, Alexander Koller, Oliver Lemon,

125


https://doi.org/10.48550/arXiv.2405.20859
https://doi.org/10.48550/arXiv.2405.20859
https://doi.org/10.48550/arXiv.2405.20859
https://doi.org/10.48550/arXiv.2405.20859
https://doi.org/10.18653/v1/2020.emnlp-main.703
https://doi.org/10.18653/v1/2023.emnlp-main.689
https://doi.org/10.18653/v1/2023.emnlp-main.689
https://doi.org/10.18653/v1/2023.emnlp-main.689
https://openreview.net/forum?id=oCGkSH7ys2&referrer=%5Bthe%20profile%20of%20Pengyu%20Cheng%5D(%2Fprofile%3Fid%3D~Pengyu_Cheng1)
https://openreview.net/forum?id=oCGkSH7ys2&referrer=%5Bthe%20profile%20of%20Pengyu%20Cheng%5D(%2Fprofile%3Fid%3D~Pengyu_Cheng1)
https://doi.org/10.1017/CBO9781316534175
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2504.11442
https://doi.org/10.18653/v1/2024.emnlp-main.721
https://doi.org/10.18653/v1/2024.emnlp-main.721
https://doi.org/10.18653/v1/2024.emnlp-main.721
https://aclanthology.org/2025.coling-main.381/
https://aclanthology.org/2025.coling-main.381/
https://aclanthology.org/2025.coling-main.381/
https://doi.org/10.18653/v1/2025.emnlp-main.1517
https://doi.org/10.18653/v1/2025.emnlp-main.1517
https://arxiv.org/abs/2312.04350
https://arxiv.org/abs/2312.04350
https://doi.org/10.18653/v1/2020.acl-main.465
https://doi.org/10.18653/v1/2020.acl-main.465
https://openreview.net/forum?id=7Yayy5fNLg
https://openreview.net/forum?id=7Yayy5fNLg
https://openreview.net/forum?id=7Yayy5fNLg

David Schlangen, Raquel Ferndndez, and Raffaella
Bernardi. 2025. Triangulating LLM progress through

benchmarks, games, and cognitive tests. arXiv
preprint arXiv:2502.14359.
OpenEnv Technical Committee. 2025. OpenEnv:

Agentic Execution Environments for Reinforcement
Learning and Post-Training. https://github.com/
huggingface/OpenEnv.

Samuel J. Paech. 2023. Eg-bench: An emotional
intelligence benchmark for large language models.
Preprint, arXiv:2312.06281.

Dan Qiao, Chenfei Wu, Yaobo Liang, Juntao Li, and
Nan Duan. 2023. GameEval: Evaluating LLMs on
Conversational Games. ArXiv: 2308.10032.

Qwen Team. 2026. Qwen3.5: Towards native multi-
modal agents.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Stefano
Ermon, Christopher D. Manning, and Chelsea Finn.
2023. Direct preference optimization: your language
model is secretly a reward model. In Proceedings of
the 37th International Conference on Neural Infor-
mation Processing Systems, NIPS °23, pages 53728—
53741, Red Hook, NY, USA. Curran Associates Inc.

David Schlangen. 2023. Dialogue games for bench-
marking language understanding: Motivation, taxon-
omy, strategy. CoRR, abs/2304.07007.

David Schlangen, Sherzod Hakimov, Chalamalasetti
Kranti, Jonathan Jordan, and Philipp Sadler. 2026.
A third paradigm for llm evaluation: Dialogue
game-based evaluation using clembench. Preprint,
arXiv:2507.08491.

Aarohi Srivastava, Abhinav Rastogi, Abhishek Rao,
Abu Awal Md Shoeb, Abubakar Abid, Adam Fisch,
Adam R. Brown, Adam Santoro, Aditya Gupta,
Adria Garriga-Alonso, Agnieszka Kluska, Aitor
Lewkowycz, Akshat Agarwal, Alethea Power, Alex
Ray, Alex Warstadt, Alexander W. Kocurek, Ali
Safaya, Ali Tazarv, and 431 others. 2023. Beyond
the imitation game: Quantifying and extrapolating
the capabilities of language models. Transactions on
Machine Learning Research.

Alessandro Suglia, Ioannis Konstas, and Oliver Lemon.
2024. Visually Grounded Language Learning: a re-
view of language games, datasets, tasks, and models.
Journal of Artificial Intelligence Research, 79:173—
239. ArXiv: 2312.02431.

Mirac Suzgun, Nathan Scales, Nathanael Schirli, Se-
bastian Gehrmann, Yi Tay, Hyung Won Chung,
Aakanksha Chowdhery, Quoc Le, Ed Chi, Denny
Zhou, and Jason Wei. 2023. Challenging BIG-bench
tasks and whether chain-of-thought can solve them.
In Findings of the Association for Computational Lin-
guistics: ACL 2023, pages 13003—-13051, Toronto,
Canada. Association for Computational Linguistics.

J Terry, Benjamin Black, Nathaniel Grammel, Mario
Jayakumar, Ananth Hari, Ryan Sullivan, Luis S San-
tos, Clemens Dieffendahl, Caroline Horsch, Rodrigo
Perez-Vicente, et al. 2021. Pettingzoo: Gym for
multi-agent reinforcement learning. Advances in
Neural Information Processing Systems, 34:15032—
15043.

Mark Towers, Ariel Kwiatkowski, Jordan Terry, John U.
Balis, Gianluca De Cola, Tristan Deleu, Manuel
Gouldo, Andreas Kallinteris, Markus Krimmel, Ar-
jun KG, Rodrigo Perez-Vicente, Andrea Pierré,
Sander Schulhoff, Jun Jet Tai, Hannah Tan, and
Omar G. Younis. 2025. Gymnasium: A standard
interface for reinforcement learning environments.
Preprint, arXiv:2407.17032.

Ruiyi Wang, Haofei Yu, Wenxin Zhang, Zhengyang Qi,
Maarten Sap, Yonatan Bisk, Graham Neubig, and
Hao Zhu. 2024a. SOTOPIA-pi: Interactive Learning
of Socially Intelligent Language Agents. In Proceed-
ings of the 62nd Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Pa-
pers), pages 12912-12940, Bangkok, Thailand. As-
sociation for Computational Linguistics.

Yubo Wang, Xueguang Ma, Ge Zhang, Yuansheng Ni,
Abhranil Chandra, Shiguang Guo, Weiming Ren,
Aaran Arulraj, Xuan He, Ziyan Jiang, Tianle Li, Max
Ku, Kai Wang, Alex Zhuang, Rongqi Fan, Xiang Yue,
and Wenhu Chen. 2024b. Mmlu-pro: a more robust
and challenging multi-task language understanding
benchmark. In Proceedings of the 38th International
Conference on Neural Information Processing Sys-
tems, NIPS ’24, Red Hook, NY, USA. Curran Asso-
ciates Inc.

Yuzhuang Xu, Shuo Wang, Peng Li, Fuwen Luo,
Xiaolong Wang, Weidong Liu, and Yang Liu.
2023. An Empirical Study on Werewolf. ArXiv:
2309.04658v1.

Huining Yuan, Zelai Xu, Zheyue Tan, Xiangmin Yi,
Mo Guang, Kaiwen Long, Haojia Hui, Boxun Li,
Xinlei Chen, Bo Zhao, Xiao-Ping Zhang, Chao Yu,
and Yu Wang. 2026. MARSHAL: Incentivizing
multi-agent reasoning via self-play with strategic
LLMSs. In The Fourteenth International Conference
on Learning Representations.

Jeffrey Zhou, Tianjian Lu, Swaroop Mishra, Siddhartha
Brahma, Sujoy Basu, Yi Luan, Denny Zhou, and
Le Hou. 2023. Instruction-following evaluation for
large language models. Preprint, arXiv:2311.07911.

126


https://arxiv.org/abs/2502.14359
https://arxiv.org/abs/2502.14359
https://github.com/huggingface/OpenEnv
https://github.com/huggingface/OpenEnv
https://arxiv.org/abs/2312.06281
https://arxiv.org/abs/2312.06281
http://arxiv.org/abs/2308.10032
http://arxiv.org/abs/2308.10032
https://qwen.ai/blog?id=qwen3.5
https://qwen.ai/blog?id=qwen3.5
https://doi.org/10.48550/arXiv.2304.07007
https://doi.org/10.48550/arXiv.2304.07007
https://doi.org/10.48550/arXiv.2304.07007
https://arxiv.org/abs/2507.08491
https://arxiv.org/abs/2507.08491
https://openreview.net/forum?id=uyTL5Bvosj
https://openreview.net/forum?id=uyTL5Bvosj
https://openreview.net/forum?id=uyTL5Bvosj
https://doi.org/10.1613/jair.1.15185
https://doi.org/10.1613/jair.1.15185
https://doi.org/10.18653/v1/2023.findings-acl.824
https://doi.org/10.18653/v1/2023.findings-acl.824
https://arxiv.org/abs/2407.17032
https://arxiv.org/abs/2407.17032
https://doi.org/10.18653/v1/2024.acl-long.698
https://doi.org/10.18653/v1/2024.acl-long.698
https://openreview.net/forum?id=GCd5v3ehmr
https://openreview.net/forum?id=GCd5v3ehmr
https://openreview.net/forum?id=GCd5v3ehmr
https://arxiv.org/abs/2311.07911
https://arxiv.org/abs/2311.07911

Enhancing LLM Performance via LoORA SFT and DPO for the LM
Playschool Challenge

Vasamsetti Nihal Tej
IIT Bhubaneswar

Abstract

Large Language Models (LLMs) have achieved
SOTA results in many natural language pro-
cessing tasks. However, they are primarily
trained for static text generation and often strug-
gle in interactive, goal-oriented environments
that require multi-turn reasoning, state track-
ing, and need to give structured output formats.
This paper presents our team’s submission to
the LM Playschool Workshop Shared Task at
EMNLP 2026. The LM Playschool Workshop
Shared Task at EMNLP 2026 addresses this
challenge by evaluating language models as in-
teractive agents in structured dialogue games.
We hereby explored different fine-tuning strate-
gies for Qwen 4B and Qwen 7B models to
improve their interactive capabilities and eval-
uated them. We perform a comparison of Su-
pervised Fine-Tuning (SFT) and Direct Pref-
erence Optimization (DPO) using multi-turn
training data. Our study analyzes the effective-
ness of each optimization strategy for learning
robust dialogue behaviors while maintaining
models stability towards interactive games and
also not to forget its language linguistics by
different evaluating metrics. Experimental re-
sults show that although supervised fine-tuning
provides consistent interactive performance, di-
rectly optimizing the foundation model using
DPO reduces optimization errors and leads to
improved agent behavior. Our best-performing
model achieved a clemscore of 38.23 on the
official LM Playschool leaderboard, evaluated
using the Playpen workbench.

1 Introduction

Most Large Language Models (LLMs) are pre-
trained on static text corpora and are not designed
to learn or operate effectively in interactive environ-
ments. Although instruction tuning aligns LLMs
for single-turn, open-ended tasks, they still struggle
to function as goal-oriented interactive agents. As,
Multi-turn dialogue games require models to main-
tain dialogue history, accurately track game states,

Velineni Harshavaishnav
IIT Bhubaneswar
23cs01071@iitbbs.ac.in 23cs01067@iitbbs.ac.in

Shreya Ghosh
IIT Bhubaneswar
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follow structural output formats, and also need to
satisfy environment-specific constraints throughout
long interactions to maintain correctness.

One major challenge is that pretrained LLMs of-
ten fail to consistently follow the required response
format specified by the user or the environment, we
need to also ensure model may lose its language
knowledge when training for interactive games. Di-
alogue games provide an effective benchmark for
evaluating and improving these interactive capa-
bilities, these workbenches expect a strict output
format in the interactions else they may go into
abort/lose state.

The LM Playschool Shared Task, built on the
Playpen-2025 benchmark, evaluates agentic capa-
bilities through conversational board games and di-
alogue games using the clembench workbench.
Models are required to correctly interpret user feed-
back, maintain implicit game states across mul-
tiple turns, and generate concise, structured re-
sponses that strictly follow the required output
format, such as Instruction: [Action]
followed by state markers like DONE.

In this work, we present our complete training
pipeline and the techniques used to improve interac-
tive dialogue capabilities. During development, we
encountered two major challenges: handling multi-
turn dialogue data and designing effective data pro-
cessing pipelines, and optimizing fine-tuning strate-
gies. Our main contributions are summarized as
follows:

1. We design a data processing pipeline to handle
multi-turn dialogue interactions and generate
training data for SFT and DPO. Since each
training method requires a different data for-
mat, we develop separate preprocessing and
data generation pipelines for each approach.

2. We further analyze the effect of different hy-
perparameter settings on the interactive per-
formance of these models by evaluating with
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the playpen workbench, which contains two
primary scores: clemscore and statscore.

2 Data Preprocessing and Engineering
Pipeline

Our primary training corpus is derived from the raw
interaction traces of the Playpen-2025 benchmark.
The benchmark contains interaction logs collected
across four different versions of the Playpen envi-
ronment. Each game session is stored as a complete
multi-turn conversation under the chat field, rep-
resented as a list of nested dictionaries containing
user and assistant messages. The complete dataset
consists of 114,479 interaction traces.

Since each optimization technique requires a
different data format, we design separate prepro-
cessing pipelines for SFT and DPO. Additionally,
we perform a warm-up fine-tuning stage to famil-
iarize the model with interactive dialogue genera-
tion.During this phase, we train the model using
warmup data made up of strict, rule-based ques-
tions and answers. This teaches the model the
basic rules of chatting, making sure it knows how
to follow exact formats and instructions before it
moves on to harder, more open-ended conversa-
tions. During this stage, the model is trained using
a small learning rate to learn the required response
format and follow the output structure specified by
the input before proceeding to the main fine-tuning
process.

2.1 Supervised Fine-Tuning (SFT)

We first filter the dataset to retain only successful
interactions, resulting in 31,779 successful game
sessions. Rather than training only on the final suc-
cessful responses, we generate intermediate train-
ing examples using a cumulative dialogue prefix
extraction algorithm.

Let a dialogue session be represented as

S:{Ul,&l,Ug,GQ,...,UT,QT}, (1)

where u; denotes the user (or environment) mes-
sage and a; denotes the assistant response.

For every assistant turn, we generate one training
example by retaining the dialogue history up to and
including the corresponding assistant response:

U, Gyl @)

During supervised fine-tuning, only the assis-
tant tokens in a; contribute to the causal language
modeling loss. This cumulative dialogue prefix

xy = [ug,aq,..

strategy converts each successful dialogue into
multiple training examples while preserving the
complete conversational context. After using this
strategy, we got 60,011 interactions.The warm-
up data is taken up from the playpen-paper-2025
which contains 20,266 interaction traces.Both of
these datasets are combined and preprocessed using
Qwen3.5 tokenizer. Upon removing the duplicates,
our dataset has been reduced to 58,088 interac-
tions.

2.2 Direct Preference Optimization (DPO)

We first filter the dataset to retain only successful
interactions, resulting in 31,779 successful game
sessions. To prepare the data for Direct Prefer-
ence Optimization (DPO), the interaction logs are
then grouped by the same game , experiment
and episode identifiers from the 114,479 inter-
actions, ensuring that each preference pair is con-
structed from identical dialogue contexts. Success-
ful responses are treated as preferred responses
(yT), whereas responses from Lose or Aborted
episodes are treated as rejected responses (y ).
Each preference example is represented as

(z, y*, y7), )

where z denotes the shared prompt, y* is the
preferred response, and ¢~ is the rejected response.
These prompt-preference triplets are then used
to optimize the model using the DPO objective.
Here,we set the positive-to-negative ratio for the
DPO preference pairs to 1:2 which makes it to
a total of 63,558 interactions.This dataset is pre-
processed with Qwen3.5 tokenizer. Upon remov-
ing the duplicates, our dataset has been reduced to
59,154 interactions.DPO mathematically embeds
the reward function directly within the model’s to-
ken log-probabilities, eliminating the need for an
external reward network. Utilizing this metadata
bypasses costly online sampling and multi-model
hosting, ensuring highly efficient and stable opti-
mization during multi-response comparison.

3 Methodology

Our model adaptation strategy is strictly divided
into two phases, ensuring that the model first learns
the desired output format before optimizing for
preference alignment.
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3.1 Low-Rank Adaptation (LoRA)

To reduce the memory overhead of updating bil-
lions of parameters, we used LoRA. LoRA freezes
the pre-trained model weights W, € R%** and
adds trainable rank decomposition matrices to ev-
ery layer of Transformer architecture. The forward
pass is modified as follows for a certain layer:

where B € R and A € R"™**, and the rank
r < min(d, k). We applied LoRA adapters mostly
to the query and value projection matrices within
the self-attention modules.

3.2 Supervised Fine-Tuning (SFT)

In the first phase, we trained the base model
using standard autoregressive language model-
ing. Given a dataset of instruction-response pairs
Dser = {(a4, yl)}f\il we optimize the negative
log-likelihood:

||
Lsir = —Egyyop | D log Po(y: | 2,y<)
t=1
)
Only the LoRA parameters 6 were updated during
this phase.

3.3 Direct Preference Optimization (DPO)

As an alternative adaptation strategy, we fine-tuned
the base model using DPO. Unlike Reinforcement
Learning from Human Feedback (RLHF), which
relies on training a separate reward model followed
by reinforcement learning, DPO directly learns
from pairwise preference data. For each prompt z,
the training dataset contains a preferred response
Y and a rejected response y;. This technique en-
courages the model to assign a higher probability
to the preferred response while reducing the likeli-
hood of the rejected response, thereby improving
alignment with human preferences. Additionally,
DPO regularizes the optimized policy to remain
close to the reference model, resulting in an opti-
mized approach that is both computationally effi-
cient and stable. The DPO loss is defined as:

79 (Yuw | @)
1 log ———=
089 (6 ©8 7"'ref(yw | 55)

mo(y1 | )
_/8 log 7Tref(yl | I))]
(6)

£DPO = _E(xvy’w 7yl)

Here, m.of denotes the frozen reference model, 7y
is the DPO model being trained, and 5 controls
the deviation from the reference policy. The DPO
model is fine-tuned using preference pairs consist-
ing of chosen and rejected responses.

4 Experimental Setup

4.1 Base Model Architecture
* Base Model: Qwen3.5-4B

e Parameters: 4 Billion

4.2 Optimization Details

The optimization hyperparameters for both phases
were carefully tuned to prevent catastrophic for-
getting. We also used statscore to diagnose the
catastrophic forgetting.

* Context Length: We set the maximum con-
text length to 2048 for SFT and 1024 for DPO.

* LoRA Configuration: Rank () = 32 for SFT
and 16 for DPO, Alpha (a) = 64 for SFT, 32
for DPO, Dropout = 0.05.

* Batch Size: [e.g., Global batch size of 16]
(per device batch size of 2 with 8 gradient
accumulation steps).

* Learning Rate: 2e-4 for SFT, 5e-5 for DPO
(Cosine scheduler with linear warmup).

* Epochs: 1 for SFT, 1 for DPO.

* Optimizer: AdamW (5 = 0.1, weight de-
cay=0.01).

* Compute Budget: 1x NVIDIA RTX 5000
Ada Generation 32GB GPU for approximately
13 hours total.

* Random Seed: 42.

Mixed-precision training (bfloat16) was utilized to
accelerate training and reduce VRAM usage.
4.3 Inference and Decoding Strategy

During final evaluation on the LM Playschool
framework, we employed the following determin-
istic decoding parameters to ensure reproducible
generation:

* Temperature: 0.0

e Max New Tokens: 300
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Model Clem A
Owen3.5-4B

Base Pre-trained 37.33 0.00 52.07 0.00
LoRA SFT 38.03 +0.70 48.07 -4.00
LoRA DPO (Final) 38.23 +0.90 53.56 +1.49

Owen2.5-7B-Instruct

26.52 0.00 48.35 0.00
3423 +7.52 49.67 +1.32

Stat A

Base Pre-trained
LoRA SFT

Table 1: Validation performance across training stages
for Qwen3.5 and Qwen?2.5 architectures.

5 Results and Evaluation

We evaluated our models strictly according to the
LM Playschool Challenge guidelines, relying on
the clemscore and statscore as our primary met-
rics for conversational capability and task adher-
ence. Briefly, the clemscore measures the model’s
interactive conversational capabilities and its abil-
ity to follow fine-grained rules within simulated,
multi-turn dialogue games (derived from the clem-
bench framework). In contrast, the statscore acts
as a baseline for general knowledge and reasoning
by quantifying the model’s aggregate performance
across a suite of standard and static benchmarks.
All results are evaluated only in a single run.

As shown in Table 1, the SFT phase success-
fully aligned the base model to follow instructions,
achieving a solid baseline clemscore of 38.03. The
DPO phase successfully refined the model’s out-
puts by penalizing undesirable generation patterns,
yielding an improved final score of 38.23.

6 Reproducibility Information

To ensure full transparency and allow reviewers to
reproduce our submission, we have open-sourced
all necessary models. The models are hosted on
the Hugging Face Hub.

* Final DPO Checkpoint (Adapters):
https://huggingface.co/
harshavaishnav/DPO

* SFT Checkpoint / Full Submis-
sion: https://huggingface.co/
harshavaishnav/LMPlayschool_
Submission

The exact final merged models that corresponds
to the LMPlayschool_Submission repository are

linked above. We have done inference on the final
adapters but we are instructed to submit the merged
models (base model + LoRA adapters). We have
changed the partitioning mechanism from auto to
cuda to do inference on a single GPU. Except this,
we did not deviate from the public evaluation setup
provided by the organizers.

7 Conclusion and Future Work

This technical report details our system develop-
ment for the LM Playschool Workshop Shared
Task at EMNLP 2026. Through rigorous data pars-
ing and a systematic exploration of post-training
paradigms across Qwen models, we demonstrated
that direct preference tuning provides a power-
ful mechanism for stabilizing agentic behavior in
multi-turn games. The stability of the statscore
indicates that our approach effectively prevents
catastrophic forgetting of the model. Our best run
yielded a top leaderboard score of 38.23. Future
work will investigate online RL loops (such as PPO
or ReST) to integrate real-time game state engine
rewards directly into the token optimization pro-
cess.

Limitations

Despite the improvements, the model still exhibits
limitations common to models of this scale, includ-
ing occasional hallucinations in multi-turn reason-
ing tasks. The chosen rank (r = 16) for LoRA
may also bottleneck the model’s capacity to inter-
nalize entirely new factual knowledge, restricting
it primarily to style and format alignment.
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Abstract

Large Language Models (LLMs) are increas-
ingly deployed as autonomous agents that solve
tasks through multi-step interactions. However,
most post-training methods are designed for
single-turn reasoning or instruction-following
tasks and provide limited supervision for long-
horizon conversational decision making. In this
work, we investigate whether Self-Correction
via Reinforcement Learning (SCoRe), origi-
nally proposed for single-step mathematical
reasoning and code generation, can improve
agentic performance in multi-turn dialogue
games. We adapt SCoRe to the PLAYPEN
benchmark by fine-tuning Qwen3.5-9B on five
single-player dialogue games using interaction-
level rewards and iterative self-correction. Ex-
perimental results show that the resulting model
substantially improves performance on the
trained single-player games and further gen-
eralizes to unseen multi-player dialogue games,
increasing the overall ClemScore from 41.18 to
43.31. Although a slight decrease is observed
on the aggregate StatScore, the model largely
retains its general language understanding and
reasoning capabilities. These findings demon-
strate that self-correction reinforcement learn-
ing is an effective approach for improving long-
horizon conversational agent behavior beyond
single-step reasoning tasks.

1 Introduction

LLMs have achieved remarkable performance
across a wide range of natural language process-
ing tasks, including question answering (Lucas
et al., 2024; Borroto Santana et al., 2025), code
generation(Dolcetti et al., 2026; Dong et al., 2024),
and instruction following(Dong et al., 2025; Wu
et al., 2024). Most existing LLMs are trained to
generate a single response given an input prompt
(Marvin et al., 2024), making them highly effective
for both traditional single-turn applications (Nadi
et al., 2024) and instruction-following (Heo et al.,

2025) tasks. More recently, LLMs have also been
deployed as autonomous agents that interact with
external environments by planning, reasoning, and
taking actions over multiple steps to accomplish
complex tasks (Kannan et al., 2024; Janakiraman,
2026).

Unlike single-turn settings, agentic applications
require LL.Ms to maintain context, adapt to feed-
back, and make decisions throughout an interaction
(Ouyang et al., 2026). However, most foundation
models are pre-trained on static text corpora and
instruction-tuned on single prompt-response pairs,
providing limited supervision for multi-step con-
versational decision making. Reinforcement learn-
ing has therefore become a common approach for
improving agentic behavior by optimizing models
based on interaction outcomes rather than individ-
ual responses (Horst et al., 2025; Zhou and Zanette,
2024).

The LM Playschool Challenge' investigates
whether training on multi-step conversational inter-
actions, referred to as dialogue games, can improve
the agentic capabilities of LLMs. In these games,
an LLM interacts with a game environment over
multiple turns, where each action influences sub-
sequent observations and the final task outcome.
This setting provides a realistic benchmark for eval-
uating planning, reasoning, and decision-making
in interactive environments beyond conventional
static benchmarks.

In this work, we, as the Dialogue Architects
team, adapt Self-Correction via Reinforcement
Learning (SCoRe) (Kumar et al., 2025) to multi-
turn dialogue games by fine-tuning Qwen3.5-9B
on five single-player games from the PLAYPEN
benchmark. Unlike the original SCoRe frame-
work, which focuses on single-step reasoning and
code generation, our approach applies iterative self-
correction to long-horizon conversational interac-

"https://1lm-playschool.github.io/challenge/
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tions. Experimental results show that SCoRe im-
proves performance on both trained single-player
games and unseen multi-player games, increasing
the overall ClemScore (+2.13), while maintaining
competitive performance on general language un-
derstanding and reasoning benchmarks. These find-
ings demonstrate that self-correction reinforcement
learning is an effective approach for improving
long-horizon conversational agent behavior.

2 Related Work

The PLAYPEN framework (Horst et al., 2025)
introduces a benchmark for training and evaluat-
ing LLMs as conversational agents in multi-turn
dialogue games. Unlike traditional instruction-
following benchmarks, PLAYPEN evaluates mod-
els on long-horizon interactions where each action
influences future observations and the final task out-
come. Performance is measured using ClemScore
for interactive gameplay and StatScore for general
language understanding and reasoning. To improve
agentic performance, the PLAYPEN authors inves-
tigated Supervised Fine-Tuning (SFT), Direct Pref-
erence Optimization (DPO), and Group Relative
Policy Optimization (GRPO). While SFT and DPO
improved performance on games seen during train-
ing, they generalized poorly to unseen games and
often reduced StatScore. GRPO achieved the best
trade-off by improving interactive gameplay while
largely preserving general language capabilities.

Self-correction has recently emerged as an effec-
tive paradigm for reinforcement learning across a
variety of sequential decision-making tasks, includ-
ing autonomous driving (Guo et al., 2026), image
captioning (Zhang et al., 2025), mathematical rea-
soning (Xiong et al., 2025), and search agents (Li
et al., 2026). These methods enable models to it-
eratively revise intermediate decisions instead of
relying solely on final outcome rewards.

Another self-correction approach is SCoRe (Self-
Correction via Reinforcement Learning) (Kumar
et al., 2025), which introduces a multi-turn rein-
forcement learning framework that explicitly trains
language models to improve their own responses
through iterative self-correction. Rather than re-
lying on supervised correction traces or external
teacher models, SCoRe performs online reinforce-
ment learning on self-generated trajectories and
employs reward shaping to encourage successful
self-correction while preventing behavior collapse.
The method achieved state-of-the-art performance

on the MATH and HumanEval benchmarks, sub-
stantially improving mathematical reasoning and
code generation through a single self-correction
step.

Our work extends SCoRe to a substantially dif-
ferent setting. While the original framework was
developed for single-step reasoning and coding
tasks, we apply it to multi-turn dialogue games in
the PLAYPEN benchmark, where the model must
maintain conversational context, adapt its decisions
over multiple interaction steps, and optimize for
episode-level success. Our results show that SCoRe
improves interactive dialogue-game performance
and is effective beyond single-step reasoning tasks
and can enhance long-horizon conversational agent
behavior.

3 Methodology

3.1 SCoRe Learning Algorithm

SCoRe (Kumar et al., 2025) is a two-stage rein-
forcement learning framework designed to improve
a language model’s ability to self-correct. During
training, the model first generates an initial attempt
(y1) and then generates a second attempt (y2) condi-
tioned on the original task, the complete trajectory
of the first attempt, and a self-correction prompt.
The objective of SCoRe is to encourage the second
attempt to correct mistakes made in the first attempt
while maintaining stable optimization throughout
training. Figure 1 provides an overview of the two-
stage SCoRe training framework.

Stage I — Constrained Initialization using KL-
Divergence: The policy model is initialized using
reinforcement learning to improve the accuracy of
the second attempt while keeping the first attempt
close to the original base model. A KL-divergence
regularization constrains the first attempt to remain
similar to the base model, allowing the second at-
tempt to improve independently. This stage re-
duces the tendency to couple the two attempts and
provides a stable initialization for subsequent self-
correction training.

Stage II — Reward-Shaped Multi-Turn RL:
Starting from the Stage I policy, the model is fur-
ther optimized using a reward-shaping objective
that jointly encourages the correctness of the sec-
ond attempt and meaningful improvement over the
first attempt. A reward bonus is assigned when the
second attempt successfully corrects an incorrect
first attempt, while a large negative penalty is ap-
plied when a correct first attempt is changed into an
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Figure 1: Overview of the two-stage SCoRe training framework: Source: (Kumar et al., 2025). Stage I trains
a stable initialization by constraining the first attempt to remain close to the base model while optimizing the
second attempt. Stage II jointly optimizes both attempts using reward-shaped reinforcement learning to encourage

successful self-correction.

incorrect one. This reward design explicitly encour-
ages effective self-correction while discouraging
unnecessary revisions.

3.2 Implementation

We used Qwen3.5-9B? as the base policy model
and fine-tuned it using the two-stage SCoRe frame-
work (Kumar et al., 2025) on the single-player di-
alogue games from the PLAYPEN benchmark?.
We employed 4-bit QLoRA for parameter-efficient
fine-tuning and merged the learned LoRA weights
into the base model after training. Unlike the orig-
inal SCoRe work, which focused on single-step
reasoning and code generation, we adapt SCoRe
to multi-turn dialogue games, where each self-
correction attempt corresponds to an entire game-
play episode rather than a single generated re-
sponse. The training data consists of five single-
player PLAYPEN games: adventuregame, textmap-
world, textmapworld_graphreasoning, textmap-
world_specificroom, and wordle. The total number
of training instances is 161, with the breakdown by
game reported in Table 4 in Appendix A.

For each training episode, the model first gen-
erates an initial attempt (y;) by completing an en-
tire dialogue-game episode. The complete interac-
tion trajectory together with the episode outcome
(successful, unsuccessful, or aborted) is then pro-
vided through a self-correction prompt, enabling
the model to reflect on its previous decisions before
generating a second attempt (y2). Figure 2 shows
the self-correction prompt template used to transi-
tion from the first attempt to the second attempt.

thtps ://huggingface.co/Qwen/Qwen3.5-9B
3https ://huggingface.co/datasets/
colab-potsdam/playpen-data

Episode-level rewards were computed using the
success signals returned by each CLEMcore game
evaluator. A reward of +1 was assigned when the
policy model successfully completed the game, 0
when it failed to solve the game, and —1 when
the episode was aborted due to a rule violation or
invalid interaction.

To facilitate reproducibility, the train-
ing scripts are publicly available at
https://github.com/NedaForoutan/
SCoRe-to-Single_Player-Dialogue-Game,
and the fine-tuned model is released at
https://huggingface.co/Valharil4/
score-gwen3.5-9b-playpen.

3.2.1 Experimental Setup

Training on the five single-player dialogue games
took approximately 48 hours using three NVIDIA
A30 GPUs on a single compute node. The GPUs
were used to parallelize on-policy rollout gen-
eration, as SCoRe requires two complete game
playthroughs per training episode, with an initial
attempt followed by a self-correction attempt, re-
sulting in approximately twice the generation cost
of standard single-attempt reinforcement learning
fine-tuning. To enable memory-efficient training,
the model was loaded using 4-bit QLoRA through
the Hugging Face Transformers, PEFT, and bit-
sandbytes libraries. Unless otherwise specified, we
followed the training configuration of the original
SCoRe implementation.

The Stage II reward-shaping coefficient was
set to o« = 10.0, while the KL-divergence regu-
larization weights were 81 = 0.01 for Stage II
and B2 = 0.1 for Stage 1. The learning rate was
1 x 10~°. During training, the sampling tempera-
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"You SUCCEEDED
"Your previous
"Your previous

if yl.success
if y1.aborted
if yl.lost

"Below is a summary of what you
went wrong or could be improved,
same task begins now."

did last time.
and play better this time.

in your previous attempt.”
attempt was ABORTED due to a rule violation.”
attempt was UNSUCCESSFUL."

Carefully review it, identify what
A fresh attempt at the

Figure 2: Self-correction prompt template used during SCoRe training. After completing the first attempt, the
model receives feedback indicating whether the episode was successful, unsuccessful, or aborted, together with an
instruction to review its previous decisions before generating a second attempt.

Model ClemScore StatScore
Qwen3.5-9B 41.18 54.35
SCoRe_Qwen3.5-9B 43.31 m 52.71m

Table 1: Performance comparison between the base
Qwen3.5-9B model and the SCoRe-fine-tuned vari-
ant on the PLAYPEN benchmark. ClemScore evalu-
ates performance on all interactive dialogue games,
while StatScore is the average across BBH, CLadder,
EQBench, IFEval, and MMLU-Pro.

ture was set to 0.8, the maximum number of gener-
ated tokens per attempt was 256, and Stage I and
Stage II were trained for 3 and 5 epochs, respec-
tively.

4 Results

Table 1 compares the overall performance of the
base Qwen3.5-9B model and the SCoRe fine-tuned
model, SCoRe_Qwen3.5-9B, on the PLAYPEN
benchmark. SCoRe_Qwen3.5-9B improves the
overall ClemScore from 41.18 to 43.31 (+2.13),
indicating better performance on interactive dia-
logue games. The aggregate StatScore decreases
only slightly from 54.35 to 52.71, suggesting that
the reinforcement learning fine-tuning largely pre-
serves the model’s general language understanding
and reasoning capabilities despite being optimized
for interactive dialogue tasks.

Performance on Single-Player Dialogue Games:
Table 2 presents the performance of the SCoRe fine-
tuned model on the five single-player PLAYPEN di-
alogue games. Compared with the baseline model,
SCoRe substantially improves the overall Clem-
Score from 39.38 to 47.31 (+7.93). Although the
completion rate (% Played) remains unchanged
across all games, the quality score (QS) consis-
tently improves on every game except Wordle,
where both models aborted or timed out on several
instances. The largest improvement is observed

on AdventureGame, where the quality score in-
creases from 11.11 to 33.33, followed by TextMap-
World_SpecificRoom (39.66 to 56.45) and TextMap-
World (68.01 to 73.07). These results indicate that
SCoRe primarily improves the quality of decision
making within successful gameplay episodes on
the single-player dialogue games used for train-
ing, leading to a substantial improvement in overall
interactive performance.

Generalization to Multi-Player Dialogue Games:
To evaluate whether the learned self-correction be-
haviour generalizes beyond the training games,
we evaluated the model on unseen multi-player
PLAYPEN dialogue games. As shown in Table 3,
SCoRe improves the overall ClemScore from 41.18
to 43.31 (+2.13) and increases the average com-
pletion rate from 70.21% to 74.37%. The largest
improvement is observed on Wordle_withClue,
where the completion rate doubles from 33.33%
to 66.67%, although the average quality score de-
creases because the additional successful-played
episodes receive lower-quality solutions. SCoRe
also improves the quality score on 7aboo from
41.67 to 50.00, indicating that the learned self-
correction strategy transfers effectively to this col-
laborative word-based game.

Performance decreases slightly on Private-
Shared, where the quality score drops by 4.26
points, and the overall average quality score de-
creases modestly from 66.20 to 64.44. Moreover,
the baseline and SCoRe models achieve identical
performance on ImageGame, Matchlt_ASCII, Ref-
erenceGame, and Wordle_withCritic. And both
models consistently aborted or timed out on Wor-
dle, GuessWhat, and Codenames.

These results suggest that training with SCoRe
on single-player dialogue games improves the
model’s ability to generalize to unseen multi-player
dialogue games, particularly by increasing task
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Overall All,Average  AdventureGame TextMapWorld TMW-GR TMW-SR
Model ClemScore % QS % QS % QS % QS % QS
Qwen3.5-9B 39.38 72 54.7 60 11.11 100 68.01 100 39.66 100 100
SCoRe-Qwen3.5-9B 47.3177%% 72 657179 60 33.33"°%%2 100 73.077° 100 56.45"'%7° 100 100

Table 2: Generalization performance of the SCoRe-Qwen3.5-9B (SCoRe-Qwen) model on unseen single-player
PLAYPEN dialogue games after training on five single-player dialogue games. “%"” denotes the percentage of
successfully played games, and QS denotes the average quality score for completed games. TMW-GR and TMW-SR
refer to TextMapWorld_GraphReasoning and TextMapWorld_SpecificRoom, respectively.

completion rates. While improvements in interac-
tion quality are not uniform across all game types,
the gains in overall ClemScore demonstrate that
self-correction reinforcement learning transfers be-
yond the training games and improves long-horizon
conversational decision making.

Overall, the experimental results demonstrate
that SCoRe is an effective reinforcement learn-
ing strategy for improving LLMs in interactive
dialogue-game environments. Fine-tuning on a
small set of single-player dialogue games substan-
tially improves in-domain performance while also
transferring to unseen multi-player games. Impor-
tantly, these gains are achieved with only a modest
reduction in StatScore, indicating that the improve-
ments in agentic behaviour come without signifi-
cant degradation of the model’s general language
understanding and reasoning capabilities.

5 Conclusion

This work adapts Self-Correction via Reinforce-
ment Learning (SCoRe) to multi-turn dialogue
games in the PLAYPEN benchmark. Unlike the
original SCoRe framework, which was developed
for single-step mathematical reasoning and code
generation, our approach applies iterative self-
correction to long-horizon conversational interac-
tions. The model is trained on five single-player di-
alogue games, where each training episode consists
of an initial gameplay attempt followed by a self-
corrected replay of the same game instance. Exper-
imental results show that SCoRe substantially im-
proves performance on the trained single-player di-
alogue games and also generalizes to unseen multi-
player games, demonstrating that self-correction
learned from single-player interactions transfers to
more complex collaborative settings. Overall, our
findings demonstrate that self-correction reinforce-
ment learning is a promising training paradigm
for enhancing the agentic capabilities of large lan-
guage models in long-horizon conversational en-

vironments. Beyond improving performance on
individual dialogue games, the proposed adapta-
tion shows that SCoRe can be successfully ex-
tended from single-step reasoning tasks to sequen-
tial decision-making settings involving multi-turn
interactions.

6 Limitations

This work has several limitations. First, due to the
lack of time for training SCoRe, our experiments
are limited to the five single-player dialogue games
provided in the PLAYPEN benchmark. Extend-
ing the approach to multi-player dialogue games
requires substantially longer training times, and is
therefore left for future work.

Second, we evaluate SCoRe using a single base
model, Qwen3.5-9B. Because of the limited time
and computational resources required for reinforce-
ment learning fine-tuning, we were unable to in-
vestigate the effectiveness of SCoRe on additional
LLMs. Evaluating the proposed approach across a
broader range of open-source models with differ-
ent architectures and scales would provide a better
understanding of its generalizability.
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A Training Instances

Table 4 reports the number of training in-
stances for each of the single-player games
from the PLAYPEN benchmark. The training
set comprises 161 instances in total, dis-
tributed across AdventureGame, TextMapWorld,
TextMapWorld_GraphReasoning, TextMap-
World_SpecificRoom, and Wordle. These
instances were used to fine-tune Qwen3.5-9B
with Self-Correction via Reinforcement Learning
(SCoRe) for multi-turn dialogue-game interactions.

Game # of Instances
AdventureGame 35
TextMapWorld 45
TextMapWorld_GraphReasoning 27
TextMapWorld_SpecificRoom 27
Wordle 27
Total 161

Table 4: Number of training instances for each
single-player PLAYPEN game used for fine-tuning of
SCoRe_Qwen3.5-9B.

B Dialogue Game Transcripts

To qualitatively illustrate the effect of SCoRe,
Figure 3 presents a representative self-correction
episode from the textmapworld game. In the first
attempt (y1), the model terminates the game af-
ter revisiting previously explored rooms, failing to
discover all reachable locations. After receiving
the self-correction prompt shown in Figure 2, the
model generates a second attempt (y2), avoids the
earlier navigation error, successfully explores the
remaining room, and completes the task. This ex-
ample demonstrates how SCoRe enables the model
to reflect on its previous attempt and improve its
decision-making over multiple interaction steps.
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You are playing a room-exploration game. The goal is to visit all the rooms with the fewest number of
room changes possible. In each room, decide the direction to go in. Recognize when there are no new
rooms to visit and answer DONE at that point.

Use GO: <DIRECTION> to move, where DIRECTION is one of [north, south, east, west].

You are in the Home theater. Currently available directions: west.

generate initial response

Attempt 1 (y;) — Unsuccessful

Turn 1: GO: west  (entered Garage; available: north, east)
Tarn 2: GO: north  (entered Playroom; available: north, south)
Turn 3: GO: south  (re-entered Garage; available: north, east)
Turn 4: GO: east (re-entered Home theater; available: west)
Turn 5: DONE

Outcome: looped back through visited rooms; Pantry never reached — failure.

l reflection

Self-Correction Prompt

Your previous attempt was UNSUCCESSFUL.
Carefully review what went wrong, identify what could be improved, and play better this time.
A fresh attempt at the same task begins now.

l retry

Turn 1: GO: west  (entered Garage; available: north, east)
Tarn 2: GO: north  (entered Playroom; available: north, south)
Turn 3: GO: north  (entered Pantry; available: south)

Turn 4: DONE

Outcome: all rooms visited — success.

Attempt 2 (y2) — Self-Corrected

Figure 3: SCoRe self-correction example on textmapworld. The model first generates an unsuccessful attempt
(y1), receives the self-correction prompt, and then generates a corrected attempt (y2) that solves the task.
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Abstract

We present Qwen-GuidePlay-2B, a 2B-
parameter language model for dialogue-game
interaction. We fine-tune Qwen3.5-2B using
three steps: a) SFT on only successful game tra-
jectories from Playpen, b) weighted turn-level
SFT, and c) teacher-guided SFT. The teacher
model (which is a larger model) is only used to
fix formatting and evaluate examples, but does
not create new gold actions. Our final model
scores 57.12 clemscore and 42.68 statscore
on the public Playpen validation. In the of-
ficially released challenge results, our model
obtains the second-highest Playpen clemscore
delta among submitted systems (which is =~+36
over its base model)!. Our findings suggest that
imitating full trajectories helps with playabil-
ity, while turn-level and teacher-guided train-
ing usually improve decision-making and in-
crease the overall score. Alternative procedu-
rally heavy approaches like replay-repair and
hard-example mining did not help, which sug-
gests that small models are performant simply
by using careful curation strategies rather than
aggressive changes. We make available both
the model and the code for reproducibility.?

1 Introduction

Large language models (LLMs) have gained signif-
icant popularity as agents in multi-step interactive
environments, even though they are traditionally
being trained on isolated instruction-response pairs.
Dialogue games, however, demand a distinct form
of competence. An effective agent must first ob-
serve a state, then produce a valid action, receive
subsequent feedback, and interact according to a
defined protocol (Chalamalasetti et al., 2023; Beyer
et al., 2024; Schlangen et al., 2025). In this context,

1https ://github.com/1lm-playpen/
1Im-playschool-2026-final-results

Model: https://huggingface.co/syedhuq/
gwen-guideplay-2b. Code: https://github.com/
SyedHuq28/qgwen-guideplay-2b.

language serves as both a representational medium
and the very mechanism through which the agent
acts. As a result, a generated string may constitute
a legal move, an illegal move, a premature termi-
nation, or a failure to adhere to the rules of the
game.

Within such setups, a model may fail in vari-
ous ways, such as by providing unnecessary expla-
nations, employing incorrect action formats, fail-
ing to halt when required, executing multiple ac-
tions simultaneously, or breaking the game’s estab-
lished role structure. To address these challenges
within the Playpen framework, our approach fo-
cuses on equipping the language model with a ro-
bust understanding of interaction dynamics and le-
gal rules, rather than merely encouraging the mem-
orisation of specific game states. In the context of
this challenge, playability measures the extent to
which the model has internalised interactional rules
well enough to complete episodes without abort-
ing. Quality, conversely, evaluates how well the
model performs the task once valid participation is
established.

Our aim for this submission is to develop a
model that explicitly captures this distinction. In
our setup, a successful Playpen transcript com-
prises both interactional signals, which demon-
strate adherence to participation rules, and decision
signals, which guide the appropriate action to take
given a specific dialogue or game state. To leverage
these effectively, we employ a staged and incremen-
tal training strategy. First, we fine-tune the model
on complete, successful trajectories, truncated to
a maximum of 1,024 tokens, enabling it to learn
the global rhythm of valid participation. Second,
we factorise these successful trajectories into local
state-action examples (mapping dialogue/game his-
tory to next assistant action), thereby aligning the
training objective more closely with the inference-
time decision problem. Third, we utilise a more
capable model as a constrained teacher, and this
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teacher evaluates selected examples and generates
invalid "near-misses’ for repair, without inventing
new gold-standard actions.

Our architectural design is grounded in recent lit-
erature on successful and guided learning. Success-
filtered training leverages high-quality trajectories
as supervision (Zelikman et al., 2022; Gulcehre
et al., 2023, inter alia), whilst value-weighted pol-
icy learning applies stronger updates to higher-
value actions (Peng et al., 2019). Furthermore,
cognitive accounts of learning emphasise guided
participation, scaffolding, and the gradual internali-
sation of rule-governed practices (Vygotsky, 1978;
Bruner, 1985). Recent developments in text-based
game agents also demonstrate that complex action
spaces can be rendered more tractable by repre-
senting states and actions as text, decomposing
extensive action choices into smaller, manageable
decisions (Xu et al., 2025). We synthesise these
principles to formulate a robust training recipe for
Playpen dialogue games.

Our primary contributions are: (a) We propose
a three-stage interaction-learning recipe for a 2B-
parameter Playpen agent; (b) We provide an analy-
sis demonstrating that successful trajectories and
factorised state-action examples serve complemen-
tary roles in improving both playability and deci-
sion quality; (c) We introduce a teacher-guided aug-
mentation stage that evaluates and repairs examples
without generating new gold actions; and (d) We
finally present compact ablation studies revealing
that our lightweight, teacher-guided training recipe
performs highly effectively, precluding the need for
computationally heavier replay-repair mechanisms,
outcome weighting, or hard-example mining.

2 Method

2.1 Stage 1: Success SFT for valid
participation

We fine-tune Qwen3.5-2B (Qwen Team, 2026) us-
ing only successful Playpen trajectories. We ex-
port the Playpen interactions train split to JSONL
and filter for episodes where Outcome equals
"success". We focus on successful episodes be-
cause this stage aims to teach the model what a
valid interaction looks like. The model, before do-
ing anything, requires understanding and learning
the structure of a successful dialogue-game episode
before improving its decision-making. This is
aligned with the Playpen framing of Dialogue
Games (Horst et al., 2025). It is also related to
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success-filtered post-training methods, which train
on model outputs or traces that satisfy an external
success criterion (Zelikman et al., 2022).

We format each successful episode with the
Qwen chat template and train the model using
standard causal language model loss, truncating
sequences longer than 1,024 tokens. We chose
this limit to balance coverage and computing cost.
In our dataset, the median episode length is 462
tokens. Setting the limit at 1,024 tokens keeps
about 82% of episodes complete. We decided
against a higher limit because it would include
more episodes but would also need much more
memory. We use Qwen3.5 in its default non-
thinking mode throughout training.

2.2 Stage 2: Value-weighted turn-level SFT

Stage 2 converts successful trajectories into local
state—action examples. For each assistant turn, we
create:

prompt = dialogue/game history before
the assistant action
completion = next assistant action.

A successful transcript becomes many small lo-
cal decisions, and the model is trained on the
inference-time problem directly (given the current
interaction state, produce the next legal assistant
action). Decision-level factorisation of complex
action spaces has recently been studied and applied
for LLM game agents (Xu et al., 2025); in our set-
ting, the “moves” are themselves conversational
contributions.

Each row receives a lightweight heuristic value
computed from the completion text. Clean, concise,
non-leaky completions receive higher weight:

v =0.70
+0.15-
+0.05 -

[1 < len(c) < 400]
[n

+0.05 - K]
[

no stop-token leakage]

no role-marker leakage]

n(c) > 0.

The value is capped at 1.0. Because all source
episodes are successful, most values concentrate
around 1.00 for clean short completions and 0.85
for clean long completions. Weighting imitation
by a scalar per-decision value follows reward- and
advantage-weighted regression (Peters and Schaal,
2007; Wang et al., 2018; Peng et al., 2019), which
LLM post-training instantiates as reward-filtered or

+ 0.05 - ¥[le



reward-ranked fine-tuning (Gulcehre et al., 2023;
Dong et al., 2023). Unlike equilibrium-derived
Q-values (Xu et al., 2025) or learned advantages,
our values are deliberately cheap textual proxies
computed from the completion alone, prioritising
clean, concise, non-leaky local decisions under a
small compute budget.

We train with completion-only weighted SFT.
Let /; be the mean token loss over the completion
of example ¢, and let w; be its value. The batch

loss is:
1= iwili

B Zzwz

We also train a uniform ablation where all turn-
level weights are set to 1.0. This tests whether the
gain comes from factorisation alone or from value
weighting.

2.3 Stage 3: Teacher-guided repair as
constrained teacher repair

Stage 3 keeps the Stage 2 recipe but changes the
data (we add a small amount of teacher-guided
material while keeping Stage 2 rows dominant).
A stronger LLM (Gemma-4-31B-it, Team et al.,
2026) teacher judges selected Stage 2 rows and
generates invalid outputs for repair training, loosely
inspired by accounts of scaffolded learning with
a more capable partner (Vygotsky, 1978; Bruner,
1985). Gemma-4-31B-it is used as the teacher, with
temperature 0.1 and a maximum generation length
of 700 tokens. Additional teacher-generation de-
tails are provided in Appendix B.

The teacher does not invent a new gold action,
the target action always remains the original gold
action from a successful Playpen trace, and invalid
outputs appear only on the input side of repair ex-
amples.

For judged rows, the teacher receives the
dialogue/game history before the action, the
original gold assistant answer, the previous Stage 2
weight, and the strict Playpen output contract. It
returns JSON scores such as format_score,
action_score, task_progress_score,
done_score, overall_score, a keep deci-
sion, a short reason, and invalid bad_outputs.
The teacher prompt explicitly states that the clean
target must remain the provided gold answer.

For kept rows, the teacher’s overall score s
mildly adjusts the original value v:

v' = clip(v(0.75 4 0.50s), 0.40, 1.20).

The teacher can change how much an example
counts, but it never changes what the model is
trained to produce. Before sampling the 30,000
original Stage 2 rows, we exclude rows that were
used for teacher judging. The 1,000 teacher-judged
rows are then included in reweighted form, so their
original versions do not also appear among the
30,000 sampled Stage 2 rows.

For repair examples, the teacher writes realistic
near-misses of a gold action: added explanation,
a missing GO: prefix, wrong casing, leaked role
markers, stray punctuation, several actions at once,
or a premature DONE. Each repair prompt shows the
game history and one such invalid answer and asks
the model to rewrite it correctly; the training target
is always the original gold action. Producing small
corruptions of a given answer is an easy task for
an instruction-tuned model, so there is little room
for it to invent content. As a check, we manually
inspected 20% of the generated repairs and found
no confabulated text.

The final Stage 3 mixture is shown in Table 1.

Component Count  Share
Original Stage 2 weighted-turn rows 30,000  96.5%
Teacher-judged/reweighted rows 1,000 32%
Teacher-generated repair rows 100 0.3%
Total 31,100  100%

Table 1: Final Stage 3 training mixture.

The teacher ratio is intentionally small. Devel-
opment runs showed that heavier replay or repair
can improve Playpen-specific clemscore while re-
ducing statscore, suggesting over-specialisation.

2.4 Model adaptation, prompting, and
post-processing

All stages use Qwen3.5-2B with LoRA adapter
training (Hu et al., 2022) followed by merg-
ing into the base model. We use a standard
configuration (rank 16, @ = 32, ie. a =
2r, dropout 0.05) and adapt all linear layers
(target_modules="all-linear"), following evi-
dence that adapting all layers rather than attention
projections alone is important for matching full
fine-tuning quality (Dettmers et al., 2023). A single
adapter is created in Stage 1 and used to initialise
the later weighted-SFT runs. Qwen-GuidePlay-2B
is released as a full merged Hugging Face model,
not only a LoRA adapter.

Teacher-guided augmentation uses two prompt
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types (Details in the Appendix). The judging
prompt asks the teacher to return JSON-only scores,
a keep/drop decision, a reason, and invalid outputs,
while explicitly forbidding new gold answers. The
repair prompt provides the game history and an
invalid answer, and asks the model to output only
the corrected valid answer. The teacher (Gemma-
4-31B-it) is queried at near-deterministic tempera-
ture (0.1) for judging and is drawn from a different
model family than the student. The full prompt
templates are included in Appendix.

For Playpen evaluation, the model is reg-
istered with the local Hugging Face backend,

the premade chat template, left padding,
and eos_to_cull=<|im_end|>  After merg-
ing, generation_config.json 1is patched

to eos_token_id=[248046, 2480441 and
pad_token_id=248044, so the model stops at
Qwen’s chat end token as well as the base EOS.

3 Experimental Setup
3.1 Data

All training supervision derives from the
colab-potsdam/playpen-data interactions train
split. Validation data is used only for public eval-
uation and model selection, not for constructing
training examples. No private evaluation data is
used for training or model selection.

Training data comes in four forms: (1) success-
ful full trajectories for Stage 1; (2) factorised turn-
level state-action rows for Stage 2; (3) teacher-
judged/reweighted rows for Stage 3; and (4)
teacher-generated repair rows for Stage 3.

The training split contains 20,202 successful tra-
jectories across 16 games, from which we obtain
105,972 factorised turn-level examples for Stage
2. The final Stage 3 mixture contains 31,100 rows:
30,000 original Stage 2 rows, 1,000 teacher-judged
rows, and 100 repair rows. Before drawing the
30,000 Stage 2 rows, we exclude rows that were
used as inputs to the teacher judge. Teacher-judged
rows are filtered using an overall-score threshold of
0.70, after which 1,000 rows are sampled from the
higher-scoring candidate pool. The 100 repair rows
are sampled randomly from the available repair ex-
amples. The mixture builder uses master seed 28,
with derived draw seeds 29, 30, and 31 for the Stage
2, judged, and repair samples, respectively. All re-
ported results are from single training runs, and we
do not average across multiple training seeds.

The dataset-building scripts reject paths

containing validation/test/eval markers such
as validation, /val, test, playpen-eval,
eval_results, leaderboard, or public.

3.2 Training hyperparameters and compute

Setting Stage 1 Stage 2 Final
Initialisation Base + new LoRA  Stage 1 adapter Stage 1 adapter
Data Success dialogues ~ ~106k turn rows 31,100-row mix
Loss tokens All Completion-only Completion-only
Example weights None Heuristic Heur./teacher/repair
Learning rate 2e-4 Se-5 Se-5
Epochs 1.0 0.25 0.25
Effective batch 8 16 8

Table 2: Per-stage training configuration.

Stage 1 uses a learning rate of 2e-4, consistently
for LoRA fine-tuning (Dettmers et al., 2023); Stage
2 and the final run reduce this to Se-5 to limit drift
when continuing an already-trained adapter. Frac-
tional epochs are grounded in our own ablation:
0.50 epochs of Stage 2 training did not improve
over 0.25 (Table 5), so all later runs use 0.25. All
stages use the PyTorch AdamW optimiser with a
cosine learning-rate schedule and a warmup ratio
of 0.03. Training uses bfloat16 precision without
weight quantisation. Stage 1, Stage 2, and the final
run comprise 1,263, 1,656, and 972 optimisation
steps, respectively. Training wall-clock times were
approximately 8.8 h, 5.7 h, and 4.0 h, respectively.

Training used NVIDIA A100 80GB GPUs:
Stage 1 and the final run used a single process with
effective batch size 8, while Stage 2 used 2-GPU
DDP with effective batch size 16.

All remaining heuristic constants, the value-
formula terms (§2.2), the teacher-modulation coef-
ficients and clip range, the repair weight of 0.75,
and the judge-score threshold of 0.70, were set once
by inspection under a fixed compute budget and
were not tuned. Our ablations therefore test each
mechanism as a whole rather than its constants.

3.3 Evaluation

All models were evaluated with Playpen 3.7.0,
following the LM Playschool Challenge instruc-
tions for setting up the workspace and evaluating a
model. We evaluate with the public Playpen vali-
dation pipeline using:

playpen eval <model> --suite all

The evaluation includes an interactive dialogue-
game suite and a static suite. We report clemscore
for interactive performance and statscore as a ro-
bustness check against over-specialisation. All eval-
uations use Playpen/clembench default decoding.
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For runs where detailed breakdowns are avail-
able, clemscore decomposes as:

Avg.%Played x Avg. Quality
100 '

This separates two failure modes. % Played
measures whether the model can validly participate
without aborting. Quality measures how well the
model performs once it is playing.

The official Qwen3.5-2B base scores are 13.05
clemscore and 44.02 statscore. Our local base run
gives the 11.91, with 28.57 average % Played and
41.70 average Quality. We use the official base for
claims regarding improvement in performance and
the local base for playability/quality analysis.

clemscore =

4 Results and Analysis

4.1 Main results

Model / Method Clemscore

Base Qwen3.5-2B official - - 13.05 44.02
Base Qwen3.5-2B local 28.57 41.70 11.91 -
Stage 1: Success SFT 85.60 53.46 45.76 39.74
Stage 2: Uniform weights - - 46.18 40.70
Stage 2: Weighted-turn 83.77 63.65 53.32 41.61
Stage 2: Weighted-turn (0.5 epoch) 82.34 64.45 53.07 40.62
Qwen-GuidePlay-2B 83.30 68.57 57.12 42.68

Avg % Played  Avg Quality Statscore

Table 3: Main results across training stages (— indicates
that the corresponding metric was not recorded.)

On the public Playpen validation set used during
development, the final model achieves a clemscore
of 57.12 and a statscore of 42.68. This corresponds
to a +44.07 clemscore improvement over the of-
ficial Qwen3.5-2B base score on the same public
validation setup. It also outperforms our strongest
non-teacher baseline, Stage 2 Weighted-turn, by
+3.80 clemscore and +1.07 statscore.

Official challenge final results. The organisers
subsequently evaluated Qwen-GuidePlay-2B us-
ing the official LM Playschool Challenge final eval-
uation. Relative to the Qwen3.5-2B base model,
our model obtains a +35.99 Playpen clemscore im-
provement, the second-highest Playpen clemscore
delta among submitted systems. On the held-out
challenge sets, it improves clemscore by +32.85
in-domain and +6.53 out-of-domain. Its Playpen
statscore changes by —1.94 relative to the base
model.

4.2 Playability and quality improve at
different stages

The central pattern is simple, each stage improves
a different aspect of interaction.

Comparison A Avg % Played A Avg Quality
Base local vs. Stage 1 +57.03 +11.76
Stage 1 vs. Stage 2 Weighted -1.83 +10.19
Stage 2 Weighted vs. Final -0.47 +4.92

Table 4: Playability and quality differences across train-
ing configurations.

Stage 1 mostly improves playability. The local
base model plays only 28.57% of episodes, while
Stage 1 plays 85.60%. This suggests that full suc-
cessful trajectories teach the interactional grammar
of Playpen: action format, turn structure, and stop-
ping behaviour.

Stage 2 operates at nearly constant playability
but raises average Quality from 53.46 to 63.65.
This supports the hypothesis that factorising trajec-
tories into state-action examples exposes the local
decision signal more directly than full-dialogue
imitation.

The final teacher-guided configuration further
raises average Quality to 68.57 while maintaining
similar playability. This suggests that the combined
teacher-guided stage improves decision precision
and strict-format behaviour rather than merely in-
creasing the number of valid episodes.

Overall, the pipeline has a clear division of
labour: complete trajectories make the model
playable; value-weighted turns make it better;
teacher-guided repair makes it more precise.

4.3 Ablations and negative results

We compare against four development variants:
a heavier replay-and-repair mixture (RR) trained
after Stage 2; RR-scaled merge, which interpo-
lates the replay-repair LoRA delta before merging;
Outcome-based weighting, which assigns heuris-
tic weights using successful, failed, and aborted
trajectories; and Hard Example Mining (HEM),
which performs loss-based hard-example mining
over Stage 2 rows.

To isolate the contribution of the teacher-guided
data, we additionally train a matched control using
the same Stage 1 initialisation and training hyper-
parameters, and the same 30,000 Stage 2 rows, but
without the 1,000 teacher-judged and 100 repair ex-
amples. This control reaches 54.71 clemscore and
41.24 statscore, compared with 57.12 and 42.68 for
the final model. Thus, adding the small teacher-
guided component improves clemscore by +2.41
and statscore by +1.44 under the matched-data set-
ting.
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Method Clemscore  Statscore  Interpretation

Stage 2 Weighted-turn 53.32 41.61  Strong non-teacher base-
line

Stage 2 Weighted-turn, 0.50 epoch 53.07 40.62 More training did not
help

RR 54.86 38.66 Replay/repair improved
clem but hurt stat

RR-scaled merge, o = 0.75 53.12 - Scaling RR delta did not
recover the gain

Outcome-based weighting 51.06 40.84  Outcome-based weight-
ing was noisy

HEM 51.41 40.60  Loss-based hard mining
underperformed

Matched 30k Stage 2 control 54.71 41.24  Same Stage 2 subset with-
out teacher data

Qwen-GuidePlay-2B 57.12 42.68 Best balance

Table 5: Ablation results. Higher is better for both
Clemscore and Statscore; o denotes the scaling applied
to the replay—repair LoRA delta. A dash indicates that
the corresponding metric was not recorded.

The ablations compare the final lightweight
teacher-guided mixture against heavier alterna-
tives: replay-and-repair training, scaled replay-
repair merging, outcome-based weighting, and loss-
based hard-example mining. These ablations are
single development runs intended as diagnostic
comparisons rather than exhaustive hyperparam-
eter sweeps; implementation details are provided
in Appendix B.2.

These results show that stronger intervention
was not automatically better. RR improved clem-
score over Stage 2 but reduced statscore, suggesting
over-specialisation to benchmark-specific output
behaviour. Outcome-based weighting introduced
noisy credit assignment by weighting failed and
aborted trajectories. HEM may have selected high-
loss examples that were difficult because of length
or context rather than because they were useful
training frontiers. The final method works because
it preserves the successful Stage 2 distribution and
adds only a small corrective signal from the teacher.

5 Model Release and Reproducibility

Qwen-GuidePlay-2B is released as a full merged
2B Hugging Face checkpoint at Hugging Face,
with code available at GitHub. The model is
evaluated with the local Hugging Face backend.
Evaluation follows the public Playpen setup, with
standard local model registration, left padding,
eos_to_cull=<|im_end|>, and the post-merge
generation-configuration patch described above.

6 Limitations

The training method for Qwen-GuidePlay-2B does
not explore online reinforcement learning, explicit
search, or planning. The teacher does not pro-
pose new strategies; it only judges and repairs

existing successful-trace actions. The robustness
of using an LLM as a teacher is not explored.
Although Qwen-GuidePlay-2B improves substan-
tially on the official held-out in-domain evaluation
(+32.85 clemscore), the smaller out-of-domain im-
provement (+6.53) suggests that part of the gain
remains domain-specific.
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A Appendix
A.1 Judging prompt

Each selected Stage 2 row is sent to the teacher as
a two-message conversation. The system message
is:

You are a strict JSON-only data-quality judge
and synthetic-error generator for a
dialogue-game agent. Return one valid JSON
object only. Do not use markdown. Do not
explain outside JSON.

The user message is the following template:

You are judging one training example for a
dialogue-game agent.

The agent must obey a strict output contract:
- Output exactly one final answer.
- For movement tasks, valid movement answers
look like exactly:
GO: north
GO: south
GO: east
GO: west
- If the task is complete, the answer should be
exactly:
DONE
- No explanation.
- No markdown.
- No role prefix.
- No punctuation around the answer.
- No stop tokens.
- No multiple actions.

You are given:

1. The dialogue state/history BEFORE the
assistant answer.

2. The original gold assistant answer from a
successful or high-quality training trace.

3. The old Stage 2 training weight.

You must NOT invent a new gold answer.
The clean target must remain the provided gold
answer.

Your tasks:

A. Score how good this training row is for
teaching strict, correct dialogue-game
behaviour.

B. Generate realistic bad assistant outputs
that a smaller model might produce for this
exact example.

These bad outputs should be close to the
gold answer but invalid or less strict.

Examples of badness:
- extra explanation
- missing GO: prefix
- wrong casing

- punctuation

- markdown

- role leakage

- stop-token leakage
- multiple actions

- premature DONE

- verbose DONE
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Return exactly one JSON object and nothing else.
Required JSON schema:

"format_score”: 1.0,
"action_score”: 1.0,
"task_progress_score”: 1.0,
"done_score”: 1.0,

"overall_score”: 1.0,
"keep": true,
"reason”: "short reason”,
"bad_outputs”: ["bad output 1", "bad output
2”]
}
Rules:

- Scores must be floats from 0.0 to 1.0.

- "overall_score” should summarize whether the
row is useful for training.

- "keep"” should be false only if the row looks
malformed, useless, contradictory, or too
ambiguous.

- "bad_outputs” must contain at most
{max_bad_outputs} strings.

- "bad_outputs” must NOT include the exact
clean target.

- "bad_outputs” must NOT be empty unless keep
is false.

Row index:
{row_index}

0ld Stage 2 weight:
{original_weight}

Dialogue state/history before answer:
{context}

Gold assistant answer:

You are playing a dialogue game. The previous
assistant answer was invalid because it did
not follow the exact required output format
or it contained extra text.

Game state/history before the assistant answer:
{context}

Invalid assistant answer:
{bad}

Rewrite the assistant answer correctly. Output
only one final valid answer and nothing
else.

{target}

Placeholder Replaced with

{context} The message history before the assis-
tant action, serialised as JSON and
truncated to its final 7,000 characters
(the most recent game state matters
most for the next action).

{target} The original gold assistant answer

from the Stage 2 row.

The row’s existing Stage 2 heuristic
value.

The row’s index in the Stage 2 file,
used for resumable processing and
provenance tracking.

4 in all our runs.

{original_weight}

{row_index}

{max_bad_outputs}

Table 6: Template placeholders in the judging prompt.

A.2 Repair prompt

Each kept bad_output produces one repair train-
ing example. The prompt is a single user message
built from the following template; the supervised
target is always the original gold action, never the
teacher’s text:

B Teacher-generation details

Teacher judgements were generated with
Gemma-4-31B-it using temperature 0.1 and a
maximum generation length of 700 tokens. The
serialised dialogue context was limited to 7,000
characters, retaining the most recent context when
necessary. The teacher could generate at most four
candidate invalid outputs per judged example, and
at most two repair examples per source row were
retained. We used random seed 28.

B.1 Teacher-data selection

The teacher-generated judged file contained 2,943
retained Stage 2 rows, of which 2,888 had an over-
all score of at least 0.70. The final Stage 3 mix-
ture samples 1,000 rows from this eligible judged
pool. The repair-generation procedure produced
5,208 repair candidates derived from 2,604 Stage 2
source rows, from which 100 repair examples were
sampled randomly. Before sampling the 30,000 or-
dinary Stage 2 rows, rows used for teacher judging
were excluded from that pool.

B.2 Ablation configurations

The Stage 2 Weighted-turn 0.50-epoch variant
uses the same weighted-turn training setup as
Stage 2, but doubles training from 0.25 to 0.50
epoch. Outcome-based weighting replaces the
Stage 2 weighting scheme with heuristic weights
derived from successful and failed/aborted trajec-
tories. HEM performs loss-based hard-example
mining over Stage 2 examples. RR applies the
heavier replay-and-repair intervention described in
Section 4.3. RR-scaled merge does not introduce
an additional training objective; it scales the replay
repair LORA delta by a = 0.75 before merging.
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Abstract

Children do not learn language from text cor-
pora, rather they learn it in interaction by
imitating competent speakers, receiving feed-
back, practicing, being corrected, and playing.
The LM Playschool Challenge asks whether
language models can profit from analogous
regimes. We take the smallest recommended
base model, Qwen3.5-2B (clemscore 13.63
in our evaluation environment), and traverse
a sequence of five interaction-derived learn-
ing regimes that mirror a developmental pro-
gression: imitation of competent others (su-
pervised fine-tuning on success-filtered tran-
scripts), learning from outcome contrasts (di-
rect preference optimisation), self-imitation
(fine-tuning on the model’s own successes),
corrective feedback (contrastive pairs from the
model’s own failures against its own and expert
successes), and intrinsically motivated trial-
and-error (online GRPO with a novelty bonus).
The offline regimes carry the model to 67.6
clemscore on our validation evaluation (4+54.0
over the base model). On the organisers’ held-
out evaluation, our two submitted checkpoints
achieve the largest out-of-domain gains of any
submission in the challenge (+11.9 and 4-10.8
clemscore, against a maximum of +6.5 for any
other entry), with in-domain gains of +33.2
and 4-37.3 and static-benchmark performance
unchanged. Online GRPO regresses from its
initialisation (—5.0) unless augmented with
a random-network-distillation novelty bonus,
which fully recovers the loss (45.0 over the
plain-GRPO control), evidence that the bonus
primarily counteracts the forgetting that narrow
online training induces on untrained games.

1 Introduction

The majority of language models knowledge comes
from learning by observation: next-token pre-
diction over text produced by others, refined by
single-turn instruction tuning. However, human
language acquisition looks different. It is usage-

based and interactive (Tomasello, 2003): compe-
tence grows through joint activity with more capa-
ble partners—the zone of proximal development
(Vygotsky, 1978), through feedback on one’s own
productions, and through self-motivated play at the
edge of one’s ability, sought out by intrinsically
motivated exploration (Berlyne, 1960; Oudeyer
et al., 2007). The LM Playschool Challenge op-
erationalises this contrast: models are placed in
Game-Master-mediated dialogue games (Chala-
malasetti et al., 2023) inside the playpen environ-
ment (Horst et al., 2025), and submissions are
judged by how much interactive competence (clem-
score) they gain over a base model, while a static-
benchmark (statscore) checks that general abilities
survive. Appendix A describes the games and five
static benchmarks.

We treat the challenge as an opportunity to
sweep the space of interaction-derived develop-
mental learning regimes in a controlled way, on
a deliberately small model where every effect is
visible. Qwen3.5-2B (Qwen Team, 2026) starts at
clemscore 13.63: it does not so much lose games
as fail to play them, aborting episodes by violating
the games’ strict output formats. From this starting
point we apply in sequence, five regimes chosen
to mirror a developmental progression (Section 3):
(R1) imitation of competent others; (R2) learning
from success/failure contrasts; (R3) self-imitation
of one’s own successes; (R4) corrective feedback
on one’s own failures; and (RS) intrinsically mo-
tivated online play, with and without a curiosity
signal.

Our contributions are: (i) a compute-light of-
fline recipe (R1+R2, one GPU, under five train-
ing hours) that lifts a 2B model by +37.3 clem-
score in-domain and +10.8 out-of-domain on the
challenge’s held-out evaluation—the largest out-
of-domain improvement among all submissions, at
every base-model scale—while leaving statscore
unchanged; (ii) a controlled demonstration that on-
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line GRPO from a strong initialisation regresses
unless equipped with an intrinsic novelty bonus,
which recovers the regression exactly (RS); (iii) a
systematic comparison showing that regimes using
the model’s own behaviour (R3-R5) at best match
the strongest offline regime and more often regress,
at this scale and budget.

2 Background and Related Work

Dialogue games as curriculum. clembench
(Chalamalasetti et al., 2023) investigates functional
language competence through games with hard,
parser-enforced move formats; playpen (Horst
et al., 2025) turns these games into a learning
environment and releases a corpus of gameplay
transcripts. The playpen paper’s reference experi-
ments found SFT on successful transcripts helps in-
domain but erodes other skills, while online GRPO
(Shao et al., 2024) gives smaller, balanced gains—
a trade-off our regime sweep revisits with explicit
controls.

Learning regimes and their cognitive analogues.
Imitation of filtered demonstrations underlies STaR
(Zelikman et al., 2022), rejection-sampling fine-
tuning (Yuan et al., 2023), ReST (Gulcehre et al.,
2023) and SPIN (Chen et al., 2024); it is the
machine analogue of observational learning from
competent others (Tomasello, 2003). Preference
learning (Christiano et al., 2017; Stiennon et al.,
2020; Ouyang et al., 2022; Rafailov et al., 2023;
Ethayarajh et al., 2024) corresponds to learning
from evaluative feedback. Intrinsic motivation—
curiosity as prediction error (Pathak et al., 2017;
Burda et al., 2019) or as learning progress (Oudeyer
et al., 2007)—formalises self-directed play; we use
random network distillation (Burda et al., 2019), to
our knowledge its first application to Game-Master-
mediated dialogue games.

Forgetting. Narrow fine-tuning erodes prior abil-
ities (McCloskey and Cohen, 1989; Kirkpatrick
et al.,, 2017; Luo et al., 2023); replaying gen-
eral data mitigates it (Scialom et al., 2022). The
challenge’s statscore (BBH, MMLU-Pro, IFEval,
CLadder, EQ-Bench; Suzgun et al., 2023; Wang
et al., 2024; Zhou et al., 2023; Jin et al., 2023;
Paech, 2023) makes the erosion measurable; a 12%
SmolTalk (Hugging Face TB Research, 2024) mix
in R1 is our (successful) mitigation.

3 Learning Regimes

Throughout, 7y denotes the policy, trained with
LoRA adapters (Hu et al., 2022) that are merged
after each regime; R3-R5 each initialise from the
merged R2 model.

3.1 RI: Imitation of competent others

Rationale. The first thing a novice does in a
new social practice is watch someone who can
already do it. Observational learning (Bandura,
1977) and usage-based accounts of acquisition
(Tomasello, 2003) agree that imitation of compe-
tent others is the entry point into a convention-
governed activity, and dialogue games are nothing
if not convention-governed as demonstrated here
too: the base model’s 13.63 is overwhelmingly a
protocol failure (aborted episodes), not a strategic
one. Our hypothesis for R1 was therefore narrow:
imitating successful play should first of all teach the
move grammar, with strategy learning transferred
as a by-product.

Construction. From the public playpen-data
interactions corpus (34,909 per-player trajec-
tories annotated with game, experiment, task id,
role, source model and outcome) we keep only suc-
cessful episodes, map all Game-Master and partner
turns to the user role (merging consecutive same-
role turns), and drop trajectories without an assis-
tant turn (~20.2k trajectories) for SFT. Anticipat-
ing the forgetting cost that imitation of a narrow
practice incurs (Luo et al., 2023), we mix in gen-
eral instruction data (SmolTalk, smol-magpie-ultra)
at ~12%, for 22,626 conversations, and minimise
cross-entropy on assistant tokens only—to ensure
the model learns to produce moves, not to imitate
the Game Master.

3.2 R2: Learning from outcome contrasts

Rationale. Imitation shows the learner only what
success looks like and it carries no information
about failure, and the R1 model’s residue con-
firmed the gap: format compliance was nearly
solved while move quality lagged. Learners, by
contrast, exploit evaluative feedback—signals that
grade their productions rather than merely exem-
plify good ones. Explicit correction is rare and
noisy in child-directed speech (Marcus, 1993); chil-
dren encounter the second signal largely through
communicative outcome, when an utterance fails to
achieve its interactive goal and the ensuing repair
sequence turns the conversation itself into evidence
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Interactive competence

R2 init. 67.4 67.6

T62.4 7
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M offline. own behaviour
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B online plav base

Figure 1: Learning regimes across both metrics, in a single frozen evaluation environment. Left: clemscore; the
dashed line marks the R2 initialisation shared by R3-R5. Right: statscore on a zoomed axis, flat across all regimes.
Each regime applies one training stage on top of the previous model: SFT (R1 - Imitation, R3 - Self-imitation), DPO
(R2 - Contrast, R4 - Correction), and online GRPO without and with an intrinsic novelty bonus (RS, R5+RND).

Colour encodes the source of the learning signal.

(Clark, 2020). The games make such feedback al-
most free: because episodes on the same instance
share an identical initial state, a successful and a
failed first move form a minimal pair whose only
difference is quality. R2 tests whether this con-
trastive signal repairs exactly the residue imitation
left.

Construction. For a fixed (game, experiment,
task id, role) we pair the first move ™ of a success-
ful episode with the first move y~ of an aborted
episode (falling back to lost ones), oversampling
still-abort-prone games 4 x (3,418 pairs), and opti-
mise the DPO objective (Rafailov et al., 2023)

mo(yt|z)
71'ref(y+|x)

- Blog mo(y~|z) )7

7"-ref(y7 |JZ)

Lppo = —log o (5 log

with the frozen R1 model as m..¢: learning from
contrast, anchored to what imitation established.

3.3 R3: Self-imitation

Rationale. R1 and R2 learn from records of in-
teraction; the challenge’s deeper question concerns
learning in interaction. The intuitive step across
that line is practice: let the model play, keep what
worked, and rehearse it—the machine analogue of
a child repeating a newly mastered routine, and the
pattern behind ReST-style methods (Gulcehre et al.,
2023). Because the R2 model now succeeds often,
its own play is a plentiful source of positive exam-
ples; R3 asks whether rehearsing them consolidates
competence.

Construction. We play the R2 model through
the full public instance sets of eight games (490

episodes, 63% successful; validation-overlapping
instances excluded), reconstruct per-player trajecto-
ries from the interaction logs (516 examples), and
run one light SFT epoch. Unlike R2, this objective
has no anchor: whatever gradient the data carries,
the policy follows.

3.4 R4: Corrective feedback

Rationale. R3 regressed (Section 5), and its fail-
ure suggested a diagnosis with a developmental
intuition: rehearsing one’s own successes adds lit-
tle information and when delivered without an an-
chor, it perturbs what already works. What children
demonstrably profit from instead is correction of
their errors—adult reformulations, or recasts, that
follow a faulty production with a well-formed one
in the same context (Chouinard and Clark, 2003).
On the contrast theory of negative input, the cor-
rective signal lies precisely in the juxtaposition of
the learner’s erroneous form with a correct alterna-
tive for the same intended meaning (Saxton, 1997),
and such input improves subsequent grammatical-
ity where positive models alone do not (Saxton
et al., 2005). The games again supply this almost
for free: wherever our model failed an instance, the
transcript corpus usually contains a stronger model
succeeding on the identical instance. R4 there-
fore reuses the model’s own play but as contrastive
evidence—pairing its failures against its own or a
stronger model’s successes, taught through the an-
chored objective that R2 validated, testing at once
the recast hypothesis and the anchoring hypothesis
raised by R3.
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Construction. From two rollout passes of the
R2 model (greedy and sampled, t=0.7) we build
201 first-move preference pairs from two sources:
(i) on-policy pairs (107) from instances where the
two passes disagreed in outcome—chosen is the
model’s own successful first move, rejected its own
failed one on the identical instance; and (ii) hybrid
pairs (94) from instances the model failed in both
passes—chosen is a stronger model’s success on
that instance (a recast), rejected the model’s own
failure. We then run one DPO epoch from the
merged R2 model. The on-policy pairs are drawn
precisely from the model’s competence frontier
(instances of variable outcome), linking R4 to the
learning-progress principle we exploit in RS5.

3.5 RS: Intrinsically motivated play

Rationale. Our last regime is: genuine online
play, where the learner’s own exploration generates
the curriculum. Developmental theory is specific
about what makes play educational: children do
not sample activities uniformly but gravitate toward
tasks of intermediate difficulty—neither mastered
nor impossible—driven by intrinsic signals such
as novelty and learning progress (Berlyne, 1960;
Kidd and Hayden, 2015; Oudeyer et al., 2007); ma-
chine counterparts formalise curiosity as prediction
error (Pathak et al., 2017; Burda et al., 2019). This
predicts a specific failure mode for plain online RL
in our setting: since the R2 policy already succeeds
on most training instances, many rollout groups are
uniformly successful or uniformly failed, outcome-
based advantages degenerate, and the surviving
gradient is noise that can only damage a compe-
tent policy - in particular by drifting behaviour on
games outside the online training subset. This is
akin to a forgetting effect that in theory a novelty
bonus should curb by preserving informative gradi-
ent. RS tests the prediction with a controlled pair:
GRPO with and without a novelty bonus, all else
identical.

Construction. For each sampled instance  we
roll out K episodes {7y,...,7x} through the
Game Master and compute group-relative advan-
tages over episode returns (Shao et al., 2024):

r; — mean(ry.x)
std(ri.x) + €

i =

The policy is updated on the agent’s own tokens
only (environment tokens masked), with impor-
tance ratios pi; = To(aiy | Sit)/Togq(ais | sit)
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against the pre-update policy, and a per-token
KL penalty to the frozen R2 reference via the
low-variance k3 estimator (Schulman, 2020), with
A = log mres — log my:

L= _ﬁ Zt: [min (p,-7tAi, clip(pi ¢, 1i€)Ai)

— Bkr (e — Agy — 1)}

Intrinsic novelty (RND). In the intrinsic arm, we
add a bonus that is large when the agent produces
behaviour unlike what it has produced before, and
decays as that behaviour becomes familiar. Fol-
lowing random network distillation (Burda et al.,
2019), familiarity is measured by how well a small
trained network can predict the output of a fixed,
randomly initialised one: both see the same input,
the target f is frozen, and the predictor f is trained
to match it on states actually visited. On behaviour
seen many times the predictor has converged and
the error is small; on novel behaviour it has not,
and the error is large. The input is ¢(7), the mean
of a frozen random embedding of the agent’s own
action tokens in episode 7; the embedding is frozen
so that the novelty measure does not shift as the pol-
icy itself is updated. With running normalisation
0O} OVer recent errors,
)

b(t) = clip <

7t = 1 + N b(Ty),
so each episode’s return is augmented by its novelty
before advantages are computed. Because advan-
tages are group-normalised, any bonus shared by
all K rollouts of an instance cancels: only within-
group novelty differences carry gradient, so the
signal rewards the more novel of two attempts at
the same game state rather than novelty in general.
Crucially, this keeps gradient flowing when out-
comes alone provide none—when all K rollouts
succeed, or all fail, the extrinsic advantages are
uniformly zero but the novelty differences are not.
The bonus exists only during training; evaluation
uses game outcomes exclusively.

IF @)1 G@DIE | &

Op

A=0.1,

4 Experimental Setup

Base model and adaptation. We adapt Qwen3.5-
2B, more details are provided in Appendix B.

Data. All game data derives from the public
playpen-data release (interactions and instances
configurations); general data from SmolTalk. Sizes



Model clem A stat
Qwen3.5-2B (base) 13.63 - 4422
R1 imitation (SFT) 55.61 +41.98 43.87
R2 outcome contrast (DPO)’  67.39  +53.76  44.72
R3 self-imitation 61.06 +47.43 44.01
R4 corrective feedback 67.64 +54.01 4431
R5 GRPO (no intrinsic) 62.43 +48.80 44.19
R5 GRPO + RND 67.44 +53.81 43.53

Table 1: Frozen-environment results (validation split).
A = clemscore gain over the base model measured
in the same environment.” = the model submitted to
the challenge (submission predates R4/RS5). For cross-
environment context, the organisers’ held-out evaluation
scores the base model at 13.41 in-domain and the un-
tuned Qwen3.5-27B at 64.34 (Section 5.1)

per regime as in Section 3. No validation-split
or test data is used for training; self-play instances
overlapping the validation split are excluded (21/46
of 490 episodes in R3/R4 self-play data collection).

Compute. R1 ~3.3h and R2 ~0.6h on one
A100 40GB; R3-R5 (generation + training) and
all evaluations on one 96GB workstation GPU; to-
tal budget ~25 GPU-hours.

Evaluation. Official pipeline (playpen eval)on
the validation split, both suites, greedy decoding
(pipeline default). All reported numbers come from
a single frozen environment: Python 3.11 virtual
environment, clemcore at the version pinned by the

playpen.
5 Results
Table 1 and Figure 1 summarise all regimes.

Imitation buys protocol; contrast buys policy.
R1 lifts the model +41.98, almost entirely by elim-
inating aborted episodes (most games reach 100%
played). R2 adds another +11.78 with %-played
essentially flat and quality rising—the two factors
of the clemscore product respond to two differ-
ent signals, cleanly separated by the two stages.
Statscore never moves more than +0.7 from base
across all seven rows: the R1 mix-in suffices, and
no later regime reintroduces forgetting on the static
side.

Self-imitation regresses; correction does not.
R3 costs 6.3 points relative to its R2 initialisation.
Practising one’s own successes, delivered as unan-
chored SFT, perturbs behaviour both on games ab-
sent from the self-play data and on games present in
it; we attribute latter to using no general-data replay

(unlike R1) and trained on positives the policy al-
ready produced (since regression isn’t reversion to-
ward the pre-DPO model: although R3’s score falls
between R1 and R2, only 21% of its per-game de-
viation from R2 lies along the R1 — R2 direction,
remainder being orthogonal). R4, which delivers
the model’s own play as contrastive pairs through
the KL-anchored preference objective, does not
regress and posts the best score (67.64)—though
its margin over R2 (+0.25) is within the run-to-run
variability, so we describe R2, R4 and R5+RND as
statistically indistinguishable at the top.

Online play needs curiosity. The controlled RS
comparison is our central finding, and the per-game
breakdown (Appendix: Figure 4) explains it. On
the four games RS trained on, both GRPO arms im-
proved or held relative to R2 (e.g., adventuregame:
26.7 — 33.3 — 40.0; textmapworld: 65.0 —
67.0 — 68.2). Plain GRPO’s overall regression of
4.96 points came almost entirely from untrained
two-player games (codenames: 30.8 — 15.4 —
23.1; guesswhat: 33.3 — 22.2 — 27.8; taboo:
66.7 — 58.3 — 66.7). That is, online updates
on a narrow subset of games induced forgetting
on the rest—the same failure mode we saw in
R3. The RND bonus, identical in seed, steps,
data, and hyperparameters, and differing only in A,
recovers this loss almost entirely overall (67.44,
+5.01 over the control), and the recovery is con-
centrated in exactly those untrained games. The
intrinsic signal thus acts less as an explorer than as
a regulariser against distributional drift; by keep-
ing within-group gradients informative even where
extrinsic outcomes are uniform, it limits how far
the policy wanders on games it is not currently
practising.

5.1 Held-out evaluation

The organisers evaluated all submissions on a
closed set of games not released during the chal-
lenge: 16 in-domain games (the clembench suite,
with adventuregame and the static benchmarks on
reduced instance sets) and 13 newly written out-of-
domain games. We submitted R1 and R2; R3—R5
postdate the submission deadline and were not eval-
uated.

Two results stand out. First, both checkpoints
improve out-of-domain, and by a wider margin than
any other submission: the next-best entry gains
+6.53, and every submission built on a larger base
(4B, 9B, 27B) declines out-of-domain, by up to
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IDA OODA statA
R1 imitation +33.16 +11.90 +0.11
R2 contrast +37.34 +10.84 —-0.71
best other entry ~ +32.85 +6.53 —

Table 2: Held-out evaluation (organisers’ run; deltas
over the Qwen3.5-2B base, which scores 13.41 in-
domain, 3.72 out-of-domain and 44.24 on statscore).
“Best other entry” is the strongest competing submission
on each metric across all base-model scales.

—13.49. What the offline recipe teaches transfers
to games it has never seen, which is not true of the
field’s other approaches.

Second, the two regimes trade off in the di-
rection our validation analysis predicts. R2 is
clearly stronger in-domain (4+37.34 vs. +33.16)
but slightly weaker out-of-domain (+10.84 vs.
+11.90), with a wider generalisation gap (—36.19
vs. —30.95). Imitation of expert transcripts installs
competence that transfers; contrastive refinement
against outcomes buys additional in-domain qual-
ity that is more specific to the games it was de-
rived from. In absolute terms our best submission
reaches 50.75 in-domain, short of the untuned 27B
baseline (64.34): the advantage over that baseline
that we observed on the validation split does not
survive the held-out evaluation.

6 Discussion

Two factors, two currencies. Imitation moved
%-played and barely touched quality; contrastive
feedback moved quality and barely touched %-
played. Demonstrations specify the support of
good behaviour (what a legal move looks like),
while contrasts specify its gradient (which legal
move is better)—and dialogue games, defined by
conventions plus quality distinctions, reward ex-
actly this two-course curriculum, in the order chil-
dren meet it: immersion first, feedback on one’s
own attempts second.

Own behaviour is a treacherous teacher. Ev-
ery self-generated-data regime underperformed the
best offline one, but how they failed is the lesson.
Unanchored self-imitation (R3) hurt; the same self-
play episodes, used as contrastive evidence inside
an anchored objective (R4) matched the best model;
online updates from own play hurt without curios-
ity and were rescued by it (R5). Own-behaviour
data is least informative exactly where the policy
is already competent—successes teach little, out-

come advantages vanish, so the residual gradient is
dominated by noise, which unanchored objectives
turn into drift. What worked either re-anchored the
policy (KL to a trusted reference) or re-injected
information where outcomes carried none (novelty
at the competence boundary). Curiosity here acted
as a stabiliser rather than the usual explorer-under-
sparse-reward—consistent with learning-progress
accounts (Oudeyer et al., 2007), and predicting
that the RND advantage should shrink with larger
groups and grow as the policy nears ceiling. Two-
player games with a learning partner, longer hori-
zons, and learning-progress-based instance selec-
tion are our natural next steps.

What transferred. The held-out evaluation sup-
plies the test our validation split could not. Both
offline regimes generalise to unseen games, and
imitation generalises slightly better than contrast—
consistent with the division of labour above, in
which demonstrations specify what a legal, sensi-
ble move looks like while contrasts refine which
of them is better in a particular game. That ev-
ery larger-model submission lost ground out-of-
domain suggests the effect turns on what the train-
ing signal encodes rather than on scale.

Limitations

All results are for one base model at one scale;
our regime sweep is evaluated on a small vali-
dation split, and only R1 and R2 were run on
the held-out set. R1, R2 and R4 depend on tran-
scripts from stronger models, so the recipe does not
demonstrate teacher-free learning; RS covers only
single-player games, as the training interface lacks
a partner mechanism. The R5 comparison uses
one seed per arm. The mechanism behind R3’s
regression remains unidentified; we rule out format
mismatch and reversion toward the pre-DPO policy
(Section 5). Belief-intensive games (privateshared,
codenames clue-giving) remain the weakest and
untargeted by our methods. Training curves (Ap-
pendix: Figure 3) are noisy over 60 steps and do
not separate the arms; the RND effect appears in
final evaluation.
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A The Playpen: Games and Benchmarks

Dialogue games (clemscore). The evaluation
suite comprises fourteen games, each mediated
by a programmatic Game Master that delivers in-
structions, validates every move against a strict
format (violations abort the episode), and scores
completed episodes for success and efficiency. The
games cluster into four families that stress different
competences. Word games: taboo (describe a word
without using it or listed relatives, for a guessing
partner), wordle and its variants wordle_withclue
and wordle_withcritic (letter-feedback word guess-
ing, optionally with a clue giver or a critic to ne-
gotiate with), and codenames (one-word clues that
connect several target words while avoiding oth-
ers). Reference and drawing games: referencegame
(describe which of three grids is the target), im-
agegame (instruct a partner to reproduce an ASCII
drawing), matchit_ascii (two players must decide
whether they see the same image). Information-
tracking games: guesswhat (twenty-questions-style
search over a candidate list), privateshared (an-
swer probes about which information has already
been shared with the interlocutor—explicit book-
keeping of common ground). Exploration games:
adventuregame (text-adventure task completion)
and the textmapworld family (navigate a graph-
structured world; variants add graph reasoning and
goal rooms). Success requires simultaneously re-
specting the move grammar (profocol) and playing
well (policy); clemscore is the product of macro-
averaged %-played (non-aborted episodes) and
macro-averaged quality on played episodes, so the
two factors remain separately visible.

Static benchmarks (statscore). The second met-
ric averages five standard single-turn benchmarks:
BBH (Suzgun et al., 2023) (multi-step reasoning),
MMLU-Pro (Wang et al., 2024) (broad knowl-
edge, hard multiple choice), IFEval (Zhou et al.,
2023) (verifiable instruction following), CLadder
(Jin et al., 2023) (causal reasoning) and EQ-Bench
(Paech, 2023) (emotional understanding). Its role is
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Objective LoRA Optimisation
Rl SFT r=32,a=64 2ep,Ir10~*
R2 DPO r=16,a=32 lep,Ir5x107°
R3 SFT r=16, =32 lep,Ir2x107°
R4 DPO r=16, =32 1ep,Ir5x107°
R5 GRPO r=16, a=32 605teps,1r5><10_6

Table 3: Adaptation settings per regime. All regimes
use LoRA on every attention and MLP projection with
dropout 0.05, bf16, effective batch 16, and maximum
length 4096; SFT computes loss on assistant tokens only.
Cosine schedules throughout (warmup 0.03). DPO uses
£=0.1; GRPO uses AdamW with gradient clipping 1.0,
€=0.2, Bk, =0.04, K=6 rollouts over 4 instances per
step. Seeds: 42 (data, training), O (RND networks).

to detect the well-documented cost of narrow fine-
tuning (McCloskey and Cohen, 1989; Kirkpatrick
et al., 2017; Luo et al., 2023): a submission that
turns the model into a pure game-player should pay
here.

B Adaptation Settings

We adapt Qwen3.5-2B with LoRA; Table 3 lists
the settings per regime. Three details are regime-
specific. R2’s preference training converged to
0.88 accuracy with a reward margin of 1.90, the
movement lying almost entirely on the rejected side
(chosen —0.18, rejected —2.07). R4 uses 201 pref-
erence pairs (107 on-policy, 94 hybrid) built from
a greedy and a sampled (¢=0.7) rollout pass. RS
samples at temperature 0.8 with top-p 0.95, 128
new tokens per turn and a 4096-token trajectory
cap enforced during rollout, on the four single-
player games (wordle, textmapworld, textmap-
world_specificroom, adventuregame); the training
interface provides no partner for two-player games.
The RND networks are MLPs 256—512—128
with predictor Ir 10~% and A=0.1.

C Qualitative Examples

Qualitative example is shown in figures below, com-
paring the Base model (Figure 5) with the R2 model
(Figure 6), on episode 2 of the game wordle.

D Reproducibility

1. Released checkpoints. All checkpoints are
merged (no adapters) and public on the Hug-
ging Face Hub under varadsrivastava/;
each carries a model card describing its
regime and results. Repository names retain

the internal identifiers used during develop-

ment.
Regime Repository suffix
R1 imitation -sft
R2 outcome contrast’  -sft-dpo
R3 self-imitation -iter3

R4 corrective feedback -iter4
R5 GRPO (control) -grpo-base-s42
R5 GRPO + RND -grpo-rnd-s42

Table 4: Checkpoint mapping.
All repositories share the prefix
varadsrivastava/lm-playschool-qwen3.5-2b.

T = the model submitted to the challenge; the s42
suffix records the training seed. A further repository,
-sft-dpo-vllm, republishes the R2 weights with a
composite (vision—-language) config. json for vLLM
compatibility and is not a separate model.

2. Evaluation environment: Python 3.11 venv;
clemcore pinned via the playpen package;
clembench pinned requirements.

3. Registry entry: huggingface_local back-
end, premade chat template, end-of-sequence
culling on the im_end token, left padding.

4. Data: colab-potsdam/playpen-data,
HuggingFaceTB/smoltalk.

5. Frameworks: Transformers, PEFT, TRL (R1-
R4); R5 uses our from-scratch GRPO imple-
mentation.

6. Official results:  our submissions ap-
pear as  DAIR__gwen3.5-2b__sft-v1
and DAIR__qgwen3.5-2b__sft-dpo-v2 in
the challenge results release, together
with full transcripts of the held-out
runs: https://github.com/Im-playpen/lm-
playschool-2026-final-results
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R2 plays the games — its episodes become training data
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Figure 2: Data and initialisation flow across the five regimes. R1 and R2 learn from expert transcripts (solid blue);

R3-RS5 each initialise from R2 and learn from R2’s own gameplay (dashed purple), generated by the loop at the top.

RS additionally interacts with the environment online. Validation clemscore is shown inside each box.
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Figure 3: RS training dynamics: extrinsic success rate and intrinsic bonus over training steps, GRPO vs GRPO+RND.
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Figure 4: Per-game performance of R2, R5, and R5 + RND. A are training-game markers referring to games R5
was trained on.

Round 1

GM (Game Master) to Player 1 (WordGuesser)

Player 1 (WordGuesser) to GM (Game Master)

explanation: The feedback shows that 'a and 'e’ are all incorrect, and 'I' is incorrect. Since 'e' is yellow,
it is in the word but not in the correct position. | will try "apple” again to see if it is the target word.

guess: apple

Game Master: metadata

attempts =2

target_word = resin

guess = apple

quess_feedback = a<reds preds p<reds l<red> e<yellow>

Round 2

GM (Game Master) to Player 1 (WordGuesser)

Player 1 (WordGuesser) to GM (Game Master)

explanation: The feedback indicates that 'a", 'p, 'I', and ‘e’ are all incorrect, and 'e' is in the word but not in

the correct position. Since 'e' is the only letter that is present, the target word must be "e" followed by

three other letters. | will try "e" as the first letter to see if it is the target word.
guess: e

Game Master: metadata

Error: The length of the guessed word is not 5.

Game Master: invalid format

game_result = ABORT

Figure 5: Example episode transcript before training.
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target_word = resin
guess = arose
guess_feedback = a<red> 1l o<red> it 1l

¥ i y

Round 1
GM (Game Master) to Player 1 (WordGuesser)

Player 1 (WordGuesser) to GM (Game Master)

explanation: From the feedback, r, s, and e are in the word but in wrong positions. a and o are not in the
word. | need a word with r, s, e in different positions than in "arose". Let me try "sterk” which has s, t, e, 1
in different positions and uses commeon letters.

guess: sterk

Game Master: metadata

Error: The guessed word is not a valid word for this game.

GM (Game Master) to Player 1 (WordGuesser)

Player 1 (WordGuesser) to GM (Game Master)

explanation: From the feedback, 1, s, and e are in the word but in wrong positions. a and o a t in the
word. | need a word with r, s, e in different positions than in "arose". Let me try "resin" which hasr, e, s in
different positions and uses commeon letters.

guess: resin

Game Master: metadata

attempts = 2
target_word = resin
guess = resin

guess_feedback = r<green> e<green> s<green> i<green> n<green>

Game Master: correct guess

game_result = WIN

Figure 6: Example episode transcript after training (R2).
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Abstract

Direct Preference Optimization (DPO) has
emerged as a lightweight alternative to RLHF
for post-training LLMs, yet it remains unclear
whether it can teach novel skills or only sharpen
existing ones. We investigate this question in
the context of dialogue games, constructing
multiple sets of on-policy preference pairs from
the rollouts of supervised-fine-tuned Qwen3.5
models (2B and 9B) on the clembench bench-
mark, targeting rule adherence, strategic be-
haviour and excessive verbosity. Across all ab-
lations, performance tracks a single variable,
namely the distance of the chosen response
from the policy’s own distribution. Pairs built
from the model’s own winning moves raise
the clemscore from 58.82 to 70.21 while pairs
built around GPT-corrected moves land below
the baseline at both scales. Transcript analysis
points to a structural reason: bare preference
pairs reduce conditional rules to unconditional
preferences, so that DPO proves able to elicit
successful behaviour already latent in the pol-
icy, but not to instill behaviour it does not yet
exhibit.

1 Introduction

Dialogue Games, defined as "constructed activities
driven by language use" (Schlangen, 2023), have
been gathering increasing interest among the Nat-
ural Language Generation and Understanding re-
search communities, as they can be used as gyms to
train and test LLM-based agents’ interactive reason-
ing capabilities (Chalamalasetti et al., 2023; Horst
et al., 2025).

Experimental findings suggest that passive ex-
posure to text via self-supervised next-token-
prediction over static corpora might not be a pow-
erful enough learning signal to train models to-
wards handling language in dialogue (Horst et al.,
2025; Bisk et al., 2020; Laban et al., 2026; Sar-
zotti et al., 2025), and therefore various attempts
have been carried out to explore the potential of

Simone Baratella
Independent Researcher
simone@baratella.biz

interaction-based (post-)training. Reinforcement-
based approaches in particular have been tested to-
wards this objective, as their "trial-feedback-error"
pipelines appear to model the dynamicity of learn-
ing in interaction better than more static training
regimes such as Supervised Fine-Tuning (Horst
et al., 2025; Carta et al., 2023; Cheng et al., 2024).
However, a commonly understood limitation of on-
line reinforcement learning techniques is their cost
in terms of computation and resources. Direct Pref-
erence Optimization (Rafailov et al., 2023) offers
a valid alternative specifically to preference-based
RL pipelines such as RLHF by approximating pref-
erence optimization to a binary contrastive classifi-
cation problem.

In this landscape, with the present work we aim
to test the potential of DPO as a post-training ap-
proach in the specific context of dialogue games, in
particular asking if a debate originally developed
around reinforcement learning — namely, whether
such methods are able to teach novel skills to the
model (Chu et al., 2025; Liu et al., 2025) or whether
they are better suited for sharpening competences
already acquired through previous stages (Huang
et al., 2025; Gandhi et al., 2025; Yue et al., 2025;
Zhao et al., 2025) — extends to DPO as well.

To this end, multiple sets of on-policy preference
pairs for training were constructed starting from
the supervised-fine-tuned models’ own rollouts
on the full clembench benchmark (Chalamalasetti
et al., 2023), incrementally tackling combinations
of three behaviours that can significantly impact
performance in dialogue games, namely the more
fine-grained skills of rule-following and strategic
thinking, along with general verbosity-driven ram-
bling and looping.

Ablation studies revealed that the best performing
model was the one solely optimized against ex-
cessive verbosity, which increased the benchmark-
specific clemscore from 58.82 to 70.21 w.r.t. the
supervised-fine-tuned baseline, nudging our find-
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ings towards the claim that preference-based post-
training approaches are the most helpful when it
comes to sharpening already acquired tendencies.

We thus present a technical breakdown of our best
model — submitted to the LM Playschool Chal-
lenge — alongside an evaluation of how the differ-
ent training ablations impacted the behaviour and
performance of models of two varying sizes, pre-
cisely Qwen3.5-2B and Qwen3.5-9B (Qwen Team,
2026).

2 Methods
2.1 Base Model and Adaptation

As starting points for the present study we used
a Qwen3.5-9B model and Qwen3.5-2B model.
Both are instruction-tuned reasoning models,
which we loaded in non-thinking mode to avoid
an explosion in compute and wall-clock time
at inference. We chose to use models of the
Qwen family because they rank among the top
open-weight models on the clembench benchmark
! (Chalamalasetti et al., 2023), and specifically
selected the two above-mentioned models for
ablation comparison, to analyze how the impact of
the proposed methodology scales with number of
parameters.

The models were trained following a two stage
pipeline, which involved a first phase of supervised
fine-tuning training and a subsequent DPO one.

2.2 SFT training phase

SFT was conducted by training LoRA adapters
(Hu et al., 2022) on the successful game rounds
in the playpen dataset > (Horst et al., 2025) via
assistant-only language-modeling loss. The learnt
adapters were applied to all linear layers of the
base models and merged with them to obtain
ready-made models to use in the following stage.

2.3 DPO training phase

DPO fine-tuning made use of on-policy preference
pairs constructed starting from the supervised-fine-
tuned models’ own rollouts on the full clembench
benchmark. Apart from data curation, all the other
training details remain constant across conditions.
During the DPO stage, LoRA adapters were trained

!Consult the clembench leaderboard and the full list of
games in the benchmark on the dedicated website.
Dataset available on HuggingFace
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with the standard sigmoid loss (Rafailov et al.,
2023). All training hyperparameters are reported
in Table 1. Full replication instructions for the best
model are provided in our GitHub repository.

The submitted model was trained on a single
NVIDIA H100 (94 GB), with SFT taking 3h 50 m
of wall-clock time and DPO a further 25 m. For
further details on the model, please consult the
dedicated model card on Hugging Face. The full
ablation study — 2 SFT runs, 2 rollout harvests, 14
DPO runs, and 18 evaluated checkpoints — ran as
single-GPU jobs on NVIDIA A100 80 GB cards
and one H100 94GB, for an estimated total of 25—
35 GPU-hours.

Hyperparameter SFT DPO
Optimizer AdamW  AdamW
Epochs 1 1
Learning rate 2e-4 Se-5
Effective batch size 16 8
LoRA rank / o 16/32 16/32
B 0.3

Max sequence length 1024 2048

Table 1: Training hyperparameters for the SFT and DPO
stages. All runs used seed 42.

2.4 Dataset

The SFT training phase was conducted using the
successful game rounds in the interactions subset
of the playpen dataset’s train split. Only the game
rounds that were carried out successfully — i.e.
resulting in the player model winning — were
retained for training, for a total of 20,202 game
rounds.

For the DPO stage, on the other hand, we started
by collecting on-policy rollouts of the supervised-
fine-tuned models on the whole clembench v2.0
benchmark. Rounds that are part of the valida-
tion subset of the playpen dataset — and that will
therefore be used later to evaluate the models’ per-
formances — were excluded. Such data was then
curated in specific ways to construct preference
pairs for three main training ablations, each one
tackling a different skill or behaviour that can eas-
ily impact game-playing performance: adherence
to formatting rules, strategic behaviour and exces-
sive verbosity. The complete dataset of preference
pairs is available at the following Hugging Face

page.


https://clembench.github.io
https://huggingface.co/datasets/colab-potsdam/playpen-data
https://github.com/xMakaco/dpo-potential-in-dialogue-games
https://huggingface.co/Makaco/lmps-challenge-qwen3.5-9b-dpo
https://huggingface.co/datasets/Makaco/lmps-challenge-dpo-pairs
https://huggingface.co/datasets/Makaco/lmps-challenge-dpo-pairs

2.4.1 Rule adherence

In order to construct the dataset of preference pairs
targeting rule adherence, the rollouts which ended
in the game rounds being aborted were extracted.
In the context of clembench, a round is interrupted
and marked as aborted when the player model fails,
in its output answer, to respect game-specific for-
matting rules.

For each on-policy rollout which encountered this
outcome, a GPT-5.2 model was prompted to gener-
ate a better, rule following answer in place of the
faulty one provided by the SFT baseline model.
The dataset of preference pairs was then con-
structed by using the whole game rounds’ conver-
sation history up until the rule breaking answer as
prompt, the GPT-corrected move as "chosen" (pos-
itive) continuation and the one originally proposed
by the player model as "rejected" (negative) con-
tinuation. We thus obtained a dataset comprising
4?2 pairs for the Qwen3.5-9B SFT model and 79 for
the Qwen3.5-2B SFT one.

2.4.2 Strategic Behaviour

Preference pairs tackling strategic game-playing
were constructed in a very similar way to those de-
scribed above for rule adherence. This time, how-
ever, the on-policy rollouts used were those where
game rounds were failed (completed without rule
violations, but not won).

The same GPT-5.2 model was prompted to iden-
tify, among the conversation history of each failed
round, the first instance where the SFT model made
a strategically poor move, and suggest a better
one. Navigation-based partially observable games
— namely games in the textmapworld family and
adventuregame — were passed to GPT separately
from all the others and under a different prompt.
Given that the GPT model has access to the whole
conversation history, it was necessary to clearly
state in its prompt that any better move suggested
had to be based solely on the information that could
have been available to the player at that specific
time in the game. We obtained 286 pairs for the 9B
model and 325 for the 2B one.

2.4.3 Anti-verbosity

Finally, we constructed a set of preference pairs to
tackle the generic tendency of LLMs to produce
overly-verbose text and ramble in their outputs.

After extracting the successful rollouts of the SFT
model, we sampled up to two assistant messages
each and constructed the preference pairs with

9B 2B

Condition clem stat clem stat
Qwen3.5 (no fine-tuning) 41.92 54.16 13.05 44.02
SFT baseline 58.82 61.09 38.05 42.88
Anti-verbosity (AV) 70.21 58.73 44.69 37.38
Chosen-only (ctrl.) 65.36 59.35 46.41 44.82
Rule adher. (AB) 60.96 56.82 54.28 42.11
Strategy (F) 4443 61.55 25.26 42.59
AV+AB 63.69 60.28 42.50 40.79
AB+F 4345 61.58 28.81 39.81
AV+F 4271 58.54 24.94 39.57
All three 26.92 43.55 29.45 33.02

Table 2: clemscore and statscore on the playpen vali-
dation split for the 9B and 2B models. The first two
rows are reference points, namely the untuned Qwen3.5
models and the SFT baselines from which all conditions
start. Following rows are ordered by the distance of
the chosen response from the policy’s own distribution:
own winning move (AV, chosen-only), minimally edited
own move (AB), GPT-written move (F).

AV - oB
Chosen-only -
AB -
AV+AB -

F-

AB+F -

AVF -

Il F-free
Il F-containing

All three -

=30 =20 -10 0 10
A clemscore vs. SFT baseline

Figure 1: Clemscore difference vs. each scale’s SFT
baseline for all conditions, ordered by the distance of
the chosen response from the policy (hatched bars =
2B).

the player model’s own move as "chosen" and, as
"rejected”, the same move with one of five hand-
written verbose continuations of empty prose ap-
pended to it. We thus obtained 995 pairs for the 9B
model and 770 pairs for the 2B one.

Dataset imbalances are due to the availability of
suitable rollouts being strictly dependent on how
many rounds played by the two models fell under
each of the three outcomes.

3 Results

All conditions are evaluated on the same 68 clem-
bench instances of the playpen validation split, de-
coded at temperature zero, so all comparisons in
this section are paired per instance. We report clem-
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score, the harmonized clembench metric obtained
as the product of %Played, which measures the
share of episodes completed without formatting
violations, and Quality, the average game-specific
score on completed episodes. Alongside it we re-
port statscore, the analogous score on playpen’s
static benchmark suite, as a check on general ca-
pabilities 3. Throughout this section we abbreviate
the three conditions of Section 2.4 as AB (rule ad-
herence, built from aborted rounds), F (strategic
behaviour, built from failed rounds) and AV (anti-
verbosity).

As a first reference point, Table 2 reports the results
obtained by the untuned 2B and 9B models. The
SFT training stage alone provides the largest sin-
gle improvement observed in this study — +16.9
clemscore at 9B and +25.0 at 2B over the untuned
models — and the resulting supervised-fine-tuned
models serve as the baseline against which all DPO
conditions are compared throughout this section.

3.1 Distance from model’s policy affects
performance

As Table 2 shows, performance decreases mono-
tonically with the distance of the chosen (positive)
response in the preference pairs from the policy’s
own distribution (Figure 1). Considering the 9B
models’ clemscore differences over the SFT base-
line, the model’s own winning moves (AV) yield
+11.4, minimally edited own moves (AB) +2.1,
GPT-written moves (F) —14.4, and every condition
containing the F pairs lands below the baseline at
both scales.

Statscores, on the other hand, were largely pre-
served across conditions and sizes, with only the
three-way mixture showing substantial degradation,
suggesting that game-targeted training left general
capabilities mostly untouched.

3.2 Interferences from mixtures of conditions

Mixtures of conditions consistently underperform
the sum of their parts, as additivity would predict
+13.5 for AV+AB where +4.9 is observed, and
—0.9 for the three-way mixture where —31.9 is ob-
served — a gap of 8.7 and 31.0 points respectively.
This interference pattern generalizes across scales,
as at 2B combining the two individually best con-
ditions (AB +16.2, AV +6.6) yields +4.5 against

3Playpen’s static benchmark suite contains 430 instances
sampled across an array of five "static" — i.e. not involving
dialogue and interaction — conventional NLP benchmarks,
namely BBH, CLadder, EQ-Bench, IFEval and MMLU-Pro.

an additive prediction of +22.9, leaving AV+AB
below both of its ingredients. Full table and visual-
ization in Appendix A. Finally, while the best per-
forming model flips with scale, with AV first at 9B
and AB first at 2B, the structure of the grid is pre-
served exactly, as every F-free condition improves
on the baseline, every F-containing one lands be-
low it, and the chosen-only control ranks second at
both scales.

3.3 Effects of anti-verbosity training

Against the baseline, AV at 9B gained 17 wins
and lost 2 (net +15, exact McNemar p = 0.0007),
which makes it the only condition with a statisti-
cally significant gain. 15 of the 17 gained wins are
conversions of failed episodes into successes, the
number of aborted episodes is unchanged, and the
entire lift accordingly sits in Quality (+12.0) rather
than %Played (+1.0).

Notably, the verbosity that the AV pairs were de-
signed to suppress was not reduced, as the model
produces 14.7 words per move against the base-
line’s 12.5, with a median paired delta of ex-
actly zero, and its preambles and format-violation
rates are identical to the baseline, while Quality
on played episodes rose by 15 points (Wilcoxon
p = 0.0014). This dissociation between unchanged
length and improved play replicates at 2B (Quality
+15.5, p = 0.005).

The chosen-only control recovers most of the gain
at 9B (65.36, net +8 wins) and all of it at 2B, where
it surpasses AV itself (46.41 vs. 44.69), though not
the scale’s best condition, namely AB.

3.4 Game-specific effects of training

Gains and damage are localized by game structure.
Word games with strict answer formats — namely
the wordle family and taboo — respond best to AB
at both scales, reference games — namely, refer-
encegame, imagegame and matchit — are largely
insensitive to every condition, and dialogue-heavier
games — guesswhat, codenames and privateshared
— being the hardest group at both scales, are reli-
ably improved by no manipulation.

Exploration games, namely the navigation-based
partially observable games listed in Section 2.4,
carry most of the variance in the grid, as they gain
428 to +35 under every F-free condition and drop
to nearly zero under every F-containing one, even
though most of the strategy pairs were harvested
from these very games.

The AV gain in this group is clearly behavioural and
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driven by persistence, since at 9B the SFT model
quits almost immediately (a mean of 2.0 moves per
episode in textmapworld, typically a single move
followed by DONE), whereas the AV model plays an
average of 8.8 moves per episode and converts all
five textmapworld instances into wins.

The failure of the F pairs with respect to this kind
of game has a legible mechanism that drags perfor-
mance in the opposite direction to that of the AV
pairs.

The most frequent correction in the F condition
rejects a premature DONE, but since the pairs carry
only bare moves (Section 2.4), no rationale is in-
cluded and DONE never appears as chosen, so that
the pairs uniformly penalize stopping — not only
when triggered too soon in the round — and never
reward it.

In the textmapworld family, the F model produces
DONE once in the whole set (0.5% of moves). It
explores 19 moves per episode and aborts 10 out
of 11 episodes at the turn limit, even though its
moves remain perfectly well-formed. At 2B the
effect is total, with zero DONE across 220 moves
and 11 out of 11 episodes aborted. By contrast,
the AV model, trained on pairs containing chosen
moves drawn from complete winning episodes —
and therefore including well-timed final DONEs —
uses the command in 13.9% of its moves and solves
all 11 episodes. Per-game breakdowns are reported
in Appendix B.

4 Discussion

Our work can be positioned within the debate
on the potential of reinforcement- and preference-
based post-training approaches, by asking whether
they are more suited to sharpen capabilities already
encoded in the model’s own distribution (Huang
et al., 2025; Gandhi et al., 2025; Yue et al., 2025;
Zhao et al., 2025) or to teach new ones (Chu et al.,
2025; Liu et al., 2025). We call elicitation the
raising of the probability of behaviour the model
already produces, and instillation the attempt to
inject behaviour it does not.

4.1 Elicitation

Our results (Table 2) are explained by a single
variable, namely how far the chosen response sits
from the policy’s own distribution. This aligns
with the difficulties reported by Horst et al. (2025),
whose DPO conditions — built from off-policy
pairs drawn from a static corpus of other models’

interactions — failed to improve over their SFT
baseline, and extends the known advantage of on-
policy preference data (Tajwar et al., 2024) to a
graded phenomenon, as in our grid performance
degrades with every step the chosen response takes
away from the policy’s own outputs.

The AV pairs represent pure elicitation, as both
sides of each pair share almost identical content.
Moreover, the appended padding is text the model
essentially never generates, and the 9B model is
not, on its own, verbose enough for it to affect
game-playing. The extra text in the rejected moves
thus does not act as a suppressing signal so much
as a signal to produce more of the model’s own
successful behaviour.

The gain is quality-driven and length-neutral, it
largely survives without the preference contrast —
as the chosen-only control shows — and it am-
plifies whatever behaviour each game’s winning
rounds happen to instantiate, such as persistence in
exploration or safe guessing in codenames. Where
the SFT model never won in the harvested rollouts,
as in plain wordle, no pairs exist to display profi-
cient behaviour, and so nothing can be elicited and
nothing moves performance-wise.

4.2 Instillation

Instillation, on the other hand, did not merely fail,
as every F-containing condition landed below the
SFT baseline at both scales, and this outcome has
a structural reason. Such motivation cannot be
attributed to corrections’ quality, as GPT’s sug-
gested moves verify as overwhelmingly legal and
feedback-consistent against game ground truth (Ap-
pendix C).

Rather, a correction such as “stopping is wrong
while unvisited exits remain” expresses a condi-
tional rule, but preference pairs composed of bare
moves have no channel for such rationale — as they
can directly express what was preferred but not
why. While they can provide indirect information
through the round’s chat history, which encodes
a signal about when a specific choice should be
preferred, that signal was not strong enough as to
carry information regarding the underlying reason.
The model thus learnt an unconditional rather than
context-dependent preference in navigation-based
games at both scales, namely that "stopping is bad".
The resulting damage is thus a corrupted decision
rather than a malformed output.

Consistent with this, F’s statscore is preserved, in-
dicating a bad game-specific strategy rather than
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degraded general capabilities. This instillation-
oriented regime is also the one in which DPO’s gra-
dients act at their most destructive, since they simul-
taneously suppress a high-probability behaviour of
the model and inflate text it cannot yet produce, the
setting where likelihood displacement is known to
arise (Razin et al., 2025).

4.3 Model size effects

The fact that the best-performing condition changes
with model size follows from the same account,
since the type of pairs that can increases scores the
most depends on where the model’s headroom lies.
The 9B rarely breaks formatting rules, so its head-
room is in the quality of play and self-imitation
wins, while the 2B aborts frequently, so minimally
edited corrections win — although even there most
of the gained wins are converted losses rather than
rescued aborts. Both scales therefore improve in
the same way, namely by playing better on the
episodes they already play to completion.

5 Conclusion

Returning to the question in our title, our findings
show that DPO was not able to teach any of the
three skills it was aimed at, corroborating the idea
that such method is not the best suited for instilling
novel capabilities into a model’s distribution.

On the other hand, the preference-based training
was able to elicit, wholesale, the successful be-
haviour latent in the policy, sharpening the models’
already acquired skills in handling different game
types, and bringing substantial gains in the final
scores.

The best model in this study thus came from letting
the model be its own teacher, with DPO functioning
as an amplifier on the policy’s own successes, and
as a liability the moment it was pointed at anything
else.

Limitations

Evaluation uses 68 validation instances at temper-
ature zero. Paired tests are exact, but per-game
cells hold 3 to 13 episodes, and powering per-game
claims would require running the models on the
whole clembench benchmark. For this work specif-
ically, our compute budget prioritized the breadth
of the ablations grid over replication depth. There-
fore, each condition is a single training run, and
multi-seed replication of the ablations would be
needed to gain statistical soundness. Temperature

zero decoding leaves no within-condition variance.
For future work, sampled evaluation would be nec-
essary to conduct pass@k-style tests of whether
the amplified wins already exist in the SFT pol-
icy’s samples. Significance is reported uncorrected.
The AV result survives Bonferroni correction, the
secondary ones do not. Results cover one model
family, and the chosen-only control exists only for
the AV condition, leaving the dispensability of the
preference contrast untested for the other sets of
pairs. Corrections were produced by a single judge
model, and our validation certifies their legality
and feedback-consistency, but not their strategic
optimality.
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Appendix

In the following, we report additional details regard-
ing the present work. Specifically, Section A shows
the full table with clemscore As as predicted by
additivity and the ones we actually obtained, along
with a visualization, Section B presents a per-game
breakdown of our results and Section C outlines
further information on how the GPT corrections
were validated.

A Additivity Table

Table 3 reports, for every pair-type mixture at both
scales, the observed clemscore As against the ad-
ditive prediction obtained by summing As of the
single condition constituents, while Figure 2 visu-
alizes the same relationship. The gap is negative in
all eight cases, and at 2B two mixtures with posi-
tive additive predictions (AB+F and All three) still
land below the baseline, showing that interference
can reverse the sign of predicted benefits rather
than merely shrink them.

Scale Mixture Predicted Observed Gap
9B AV+AB +13.5 +4.9 —8.7
9B AB+F —12.3 —154 —-3.1
9B AV+F —-3.0 —16.1 —13.1
9B All three —-0.9 -31.9 -31.0
2B AV+AB +22.9 +4.5 —184
2B AB+F +3.4 —-9.2 —12.7
2B AV+F —6.2 —13.1 —-7.0
2B All three +10.1 —8.6 —18.7

Table 3: Observed clemscore As vs. the SFT baseline
for every pair-type mixture, against the additive predic-
tion (sum of the constituent single conditions’ As). The
gap (observed — predicted) is negative in all eight cases.
At 2B, two mixtures (AB+F, all three) have positive
additive predictions yet land below the baseline.

B Per-Game Breakdown of Results

Figures 3 and 4 show heatmaps of the distributions
of clemscore As with respect to the SFT baselines
for the 2B and 9B models respectively. It is pos-
sible to appreciate how, across sizes, overall per-
formance of the post-trained models decreases the
moment F-pairs enter the training data. As stated
in Section 3, for the 2B model most of the gains
were observed in the AB condition, while the train-
ing that the 9B one benefitted from the most was
AV. Moreover, in the case of the 9B model, the
heatmap shows how the games that post-training
(except for when F-pairs were introduced) helped
the most were the navigation-based ones, then, less

® 9B i
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.
.
//’
10 -
-~ AV+A
// .<, +A ;&
he] 0 1 ‘
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predicted (sum of single conditions)

Figure 2: Observed clemscore As (vs. the SFT baseline)
against the additive prediction for every pair-type mix-
ture (filled circles: 9B; open triangles: 2B). Points on
the dashed identity line would indicate that pair types
combine additively. All eight mixtures fall below it.

consistently, the text games with strict formatting
rules, then reference games — where hardly any
gain is observed, potentially because performance
was already very high, even in the untuned model
4 — and finally dialogue-heavier games, arguably
the hardest family since performance was steadily
below that of the other kinds of games, even under
the most beneficial ablations.

C Validation of GPT-Generated
Corrections

As outlined in Section 2.4, the chosen (positive)
responses in AB and F preference pairs for DPO
training consist of bare corrected moves generated
by a GPT-5.2 model.
In order to test the potential presence of confounds
driven by poor correction quality — especially as
a possible cause for the F conditions’ damage to
task performance — we validated every correction
in both pair sets and at both scales against game
ground truth, namely the objective state recover-
able from the pair’s own prompt — i.e. the dia-
logue history up to the correction point — such as
the letter feedback revealed so far in wordle or the
exits listed for the current room in textmapworld.
Each correction receives a verdict as either valid,
invalid or unverifiable, where the latter marks cases
*Given %Played-Quality Score pairs, for the games in the
reference games group — namely imagegame, matchit and
referencegame — the untuned model achieved 75.0-88.33,

100-100, 100-80 respectively, while the SFT one scored 100-
88.5, 100-100, 80-100.
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Per-game clemscore delta vs 2B SFT (val split)

adventuregame | 433 +0 13 433 £ ] 7 ]
codenames | +6 +8 5 +0 E +0 5 5
guesswhat | +33 +0 +17 +33 a7 a7 a7 a7 60
imagegame
matchit_ascii

privateshared | =

referencegame -

taboo{ +8 3 14 18 +3 3 +3 3 0

textmapworld | +25 46 425 430

4 clemscore contribution

|
3

textmapworld_graphreasoning | #3229 432 432
textmapworld_specificroom | +0 +0 w0 (433
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wordle_withclue { +17 0 o +17

wordle_withcritic | +0 +33 0 433 433
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~ CO  AV+AB  AB

Figure 3: Per-game clemscore As w.r.t. the 2B SFT
baseline on the playpen validation split. Rows represent
games, while columns are training conditions (CO =
chosen-only control), and the bottom row reports the
official overall clemscore As. Redder cells indicate
gains over the baseline, bluer ones losses.

Per-game clemscore delta vs 9B SFT (val split)

adventuregame {433 +20 27
codenames | +23. +31 F}
guesswhat | +0 a7 a7
imagegame | +6 +10 +2
matchit_ascii {  +0 +0 0
privateshared {  +7 1 4
referencegame | +0 +0 0
taboo{ 8 s +0

textmapuorid

textmapworld_graphreasoning {33 +4 +18

°
A clemscore contribution

textmapworld_specificroom 4 433 433 +33
wordle {  +0 +10 2

wordle_withclue § 17 w7 Y
wordle_withcritic | 433 +0 433

— overall (official) — 4  +11 47 45
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Figure 4: Per-game clemscore As w.r.t. the 9B SFT
baseline on the playpen validation split. Rows represent
games, while columns are training conditions (CO =
chosen-only control), and the bottom row reports the
official overall clemscore As. Redder cells indicate
gains over the baseline, bluer ones losses.

in which no move was proposed at all, hence there
is no material to score.

Note that this evaluation is based on objective,
machine-readable ground truth, so it allows to test
legality, rule compliance, feedback consistency and
overall soundness of moves, but not strategic op-
timality. For this same reason, the depth of each
check is dictated by what the game makes mechan-
ically decidable. Specifically, the wordle variants,
codenames and textmapworld allowed for a more
precise evaluation, since they expose formal ground
truth through the feedback players receive from
the programmatic game master at each turn, while
for all the other game families corrections evalua-
tion could rely solely on adherence to the required
answer format. The checks conducted by the per-
game validator thus were:

* Feedback consistency (wordle family): the
suggested guess must be a well-formed five-
letter word that keeps all letters confirmed
green, avoids letters known absent, and does
not replay a yellow letter in the same posi-
tion, given the feedback revealed before the
correction point.

* Board rules (codenames): for clue-giver cor-
rections, the suggested clue must be a single
word absent from the board and the stated tar-
gets must belong to the team’s words, while
for guesser corrections, each suggested word
must appear in the candidate list, respect the
stated guess limit, and differ from the clue
word.

* Move legality (textmapworld family): the
suggested direction must be among the exits
listed for the current room.

* Format conformance (remaining games):
the correction must match the game’s required
answer format, specified in its rules.

In addition to our strictly programmatic validation,
we note that GPT-5.2 achieved a clemscore of 84.19
at high effort, indicating how the model is an over-
all capable player beyond the dimensions on which
its corrections were evaluated °.

The results of our validation, outlined in Table 4,
qualify the corrections as reliable, as both kinds
of pairs receive near-ceiling scores across sizes,
with the lowest percentage of valid corrections —

SRefer to clembench’s official website for the model’s full
results on the benchmark
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Pair set n valid invalid unverif.

9B failed 286  99.0% 0.7% 0.3%
9B aborted 42 85.7% 14.3% 0.0%
2B failed 325 98.8% 1.2% 0.0%
2B aborted 79 92.4% 7.6% 0.0%

Table 4: Validation scores percentages for the GPT-
generated corrections, by pair set and scale. A single
correction — a wordle one containing no suggested
move — could not be decided against ground truth and
was thus scored as unverifiable.

namely, 85.7% — belonging to the AB pairs for
the 9B model.

We signal how these scores argue against correction
quality as the source of the F sets’ damage, as the
corrections for failed rounds achieved the highest
percentages of positive scores for both the 9B and
2B training sets (99.0% and 98.8% of valid correc-
tions, respectively). In the textmapworld family,
the largest source of per-game losses in the F pairs,
every 9B suggestion is legal (86 of 86), and 85
out of 86 are valid at 2B. Moreover, validity and
damage to performance dissociate across pair sets,
as the aborted corrections are markedly less valid
(85.7% at 9B, 92.4% at 2B), yet the aborted sets did
not produce the regressions that the near-perfect
failed sets did.

The same dissociation holds within the failed sets
across games, as per-game correction validity does
not correlate with per-game score change (Spear-
man p = —0.24, p = 0.43, n = 13).
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Abstract

Interactive dialogue games test a capability
that static benchmarks largely leave implicit:
a model must carry state across turns, inter-
pret feedback, and choose valid actions under
changing constraints. We study this setting
in the LM Playschool Challenge with a 2B
open-weight model, and find that many fail-
ures are not only broad knowledge failures but
also local decision failures: repeated guesses,
malformed actions, and violations of feedback
that the model has just seen. These diagnos-
tics motivate a training recipe organized around
three steps: acquire broad game participation
through supervised fine-tuning, repair mechan-
ically verifiable failures within one targeted
dialogue-game family using turn-local prefer-
ence pairs, and preserve general capabilities
beyond these dialogue games. In the official
final evaluation, our submission improves pub-
lic clemscore from 10.67 to 38.92 and closed
in-domain score from 13.41 to 41.17, while ap-
proximately preserving aggregate static perfor-
mance (44.14 vs. 44.24 for the baseline). Out-
of-domain clemscore remains low at 7.88, with
the largest gains concentrated in unseen vari-
ants of the targeted family. Our results suggest
that broad SFT brings most of the model’s capa-
bility improvement; turn-local supervision can
be effective when failure detection is precise,
with observed transfer concentrated primarily
within-family.

1 Introduction

Dialogue games evaluate language models as
agents whose next utterance changes the state they
must later reason over. A word guess rules out
letters; a clue constrains a partner’s action; a nav-
igation command changes the room from which
the next command is interpreted. The clembench
benchmark and the Playpen learning environment
(Chalamalasetti et al., 2023; Horst et al., 2025)
make these dependencies explicit: success requires
not only producing plausible language, but also

Dialogue state Model action Local failure

After crane: red c/r/n; guess: crane
yellow a; green e
(same)
(same)

repeats guess

guess: abid
guess: cable

wrong length
uses red ¢

Table 1: Simplified Wordle failure states. The model
output can be syntactically close to valid while violat-
ing a constraint entailed by the immediately preceding
feedback. A real transcript exhibiting this pattern is
reproduced in Table 7.

maintaining state, interpreting feedback, and choos-
ing a valid action under accumulated constraints.

Playpen frames this setting as learning from Di-
alogue Game Feedback (Horst et al., 2025): pro-
grammatic, goal-directed feedback over trajecto-
ries, without relying on a learned judge over iso-
lated responses. The feedback does not itself lo-
cate where an interaction stops making progress;
interactive failure diagnostics are needed to con-
struct turn-local preference pairs for reinforcement
learning. The question for a dialogue game agent
is therefore not only whether dialogue game data
helps, but which part of the trajectory should re-
ceive supervision.

Small models are a natural target for this set-
ting. They are cheaper to serve, better suited to
low-latency interaction, and more plausible for lo-
cal assistants or assistants with limited resources,
but their interactive behavior is brittle. In the LM
Playschool Challenge, the official Qwen3.5-2B
baseline (Qwen Team, 2026) scores 10.67 clem-
score in the final evaluation, far below the 60.30
score of its 27B sibling.! The challenge also reports
a static benchmark score, so a useful small model
recipe must improve interaction without sacrificing
general capability.

Inspecting the 2B model’s transcripts suggested

LOfficial final evaluation results: https://github.com/
1Im-playpen/lm-playschool-2026-final-results.
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that the gap was not mainly a lack of game knowl-
edge. In Wordle, the model often preserves the
expected answer format while failing at the next
local decision (Table 1). These errors are frequent,
mechanically checkable, and localized to a specific
decision made after receiving feedback. They point
to a different training question: not how to teach
the model the whole dialogue again, but where to
place supervision so that it reaches the particular
decision that fails.

This paper describes the playornotplay team
submission built around that question. We first use
broad imitation to make the model participate in
games, then diagnose the remaining failures, repair
those of one weak and mechanically diagnosable
game family (Wordle) with turn-local preference
pairs, and finally scale the learned update to pre-
serve general capabilities, as measured by aggre-
gate static performance. In the official final eval-
uation, the submitted model reaches 38.92 public
clemscore and 41.17 closed in-domain score, above
the official 4B and 9B baselines, while approx-
imately preserving aggregate static performance
over the 2B baseline (44.14 vs. 44.24).

The main contribution is an empirical account of
supervision placement for small interactive agents.
A small number of preference pairs anchored to real
turns after feedback produces the clearest positive
preference-tuning signal in our pipeline, whereas
whole-dialogue preference tuning destroyed pro-
tocol compliance in our experiments. Follow-up
experiments further show that the usefulness of an
update depends on the stage and parent to which it
is applied. Together, these results locate turn-local
preference learning within a broader progression
from acquisition to repair and model selection.

2 Task and Evaluation Setting

The LM Playschool Challenge evaluates whether
learning in conversational interaction improves
agentic capability. Playpen is the learning envi-
ronment for Dialogue Game Feedback (Horst et al.,
2025): it organizes rollouts, training data, and on-
line sampling over dialogue game trajectories. The
dialogue games are implemented in clembench
(Chalamalasetti et al., 2023), where programmatic
game masters mediate turns, track state, and en-
force output protocols, while game-specific scorers
compute Quality.

In the public validation setting used here (from

the playpen-data dataset 2), the interactive suite
contains 14 clembench games and 67 episodes in
our pinned development run. We pin the public-
development data to revision 557d8caf and the
clembench game tree to commit ed39486. The of-
ficial final evaluation comprises an expanded pub-
lic suite (502 episodes), a closed in-domain suite
(1,272 episodes), and a closed out-of-domain suite
covering unseen game families (360 episodes) 3.
We use the public-development set for iteration and
reserve the closed suites for final evaluation.

The LM Playschool Challenge uses Clemscore
and Statscore as metrics. Clemscore combines two
quantities for each game g: Played, the percentage
of episodes not marked aborted by the evaluator,
and Quality, the task score on played episodes.
With G = {g € G : Played, > 0}, we report it
as

Played

o=@ 0"

geG

(1)
Z Quality,

|Gal Q\geGQ

Quality is undefined for a game with no played
episode, so the Quality macro-average runs over
Gq only. Thus a model can lose score either by
failing to play or by playing poorly after it stays in
the game. The playpen-data validation split con-
tains 430 static-benchmark instances drawn from
BBH (Suzgun et al., 2023), CLadder (Jin et al.,
2023), EQ-Bench (Paech, 2023), IFEval (Zhou
et al., 2023), and MMLU-Pro (Wang et al., 2024);
applying the same aggregation yields Statscore.

The pinned public split contributes one or two
episodes for each represented game—experiment
combination, and this small sample is the main
source of run-to-run variance: differences of a few
points should be treated cautiously. We therefore
use paired same-host comparisons for development
decisions and report the official final evaluation as
the primary result.

3 Our Method

Our recipe is a narrow instantiation of the training
regimes enabled by Playpen: successful transcripts
support SFT, paired alternatives support DPO,
Zhttps://huggingface.co/datasets/
colab-potsdam/playpen-data

3https://github.com/lm—playpen/
1m-playschool-2026-closed-set
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Phase Objective LR /batch/len Clem
— Qwen3.5-2B — 13.05
A. Acquire broad SFT 2e-4/32/2048 43.85
B. Repair turn-DPO: rpt + len  5e-6/16/1024  46.83

- Rep turn-DPO: inv + dup 5e-6/16/1024 45.52
C.Refine  branch-DPO S5e-6/16/1024 48.52
D. Preserve delta scaling, s=0.85 no gradient 50.431

’ shipped fp32 merge — 48.70

Table 2: Pipeline trajectory on the pinned public-
development set (dataset 557d8caf, clembench
ed39486). Batch denotes effective batch size; all Clem
values are the full 14-game suite. Phases B and C
train on Wordle data only. Both Phase B passes use
B=0.1; Phase C uses §=0.2. All trainable phases use
LoRA on Qwen3.5-2B, AdamW, bf16, and one epoch;
Phase C branches the model (factor 2, rounds 1-3,
T'=0.7) against a frozen reference. rpt/len = repeated
guesses and bad length; inv/dup = invalid words and
duplicated answer fields. TMean of two runs (50.82
and 50.03). Per-game and per-phase Wordle detail: Ta-
bles 13 and 14.

and fresh rollouts support online reward learning.
Playpen itself includes turn-level DPO (Horst et al.,
2025); our specific choice is to use game-specific
checks to construct preference pairs at mechani-
cally verifiable failures after feedback. We use
broad SFT to make the model participate, then tar-
get those diagnosed decisions.

All training uses LoRA (Hu et al., 2022)
(r=16, =32, all-linear, adapter dropout 0.05) on
Qwen3.5-2B.* Source trajectories and instances
come from the train split of playpen-data;
Phase B negatives are synthetic corruptions using
the clembench word list; Phase C data is model-
generated. Table 2 gives the trajectory on the
pinned public-development set. Following the offi-
cial clemscore definition in Eq. 1, broad imitation
primarily improves Played; our later phases target
Quality on states the model already plays; final
delta scaling targets statscore rather than game be-
havior directly.’

*Qwen3.5-2B (Qwen Team, 2026) is a vision-language
model; we fine-tune and serve it in text-only mode.

The manuscript submitted for review described the train-
ing process for the model, which is also used in the official
final evaluation, as six stages. Subsequent verification showed
that two nominal stages did not update the model, so we omit
them here. Appendix A.1 identifies the evaluated model revi-
sion; Appendix A.4 explains the two removed stages.

3.1 Diagnosing Small-Model Game Failures

Phase A performs SFT on success-only interactions
from the training split of playpen-data, balanced
to at most 700 examples per game (9,522 rows to-
tal at the reconstructed training-time snapshot; per-
game counts in Table 6). This lifts the model from
13.05 to 43.85 on the pinned public-development
set. The model has learned the surface form of
game play, yet raw Wordle quality remains at zero:
it still repeats rejected guesses and violates imme-
diate feedback constraints. Wordle was not the
only remaining weakness, but its failures were fre-
quent, local to a single decision, and mechanically
verifiable, so we selected it as the target of all sub-
sequent optimization. Phases B and C use only
Wordle data; every reported clemscore remains the
full 14-game suite.

3.2 Turn-Local Repair

Given a diagnosed failure mode, we construct pref-
erence pairs that share the same dialogue state. For
a history h, the rejected completion 4~ exhibits
one mechanical error and the preferred completion
yT is a valid alternative from a clean successful
episode. We then apply Direct Preference Opti-
mization (DPO; Rafailov et al., 2023):

Loro = ~Elogo(B[ra(h, y) — re(h,y7)] )

)
with policy-reference log-ratio rg(h,y) =
log :‘)f(gﬂ‘h]z). Holding h fixed is the point: the con-

trast lands on the few decision tokens that deter-
mine whether the model repeats a guess, uses the
wrong length, produces an invalid word, or dupli-
cates the answer field. This construction does not
identify a single failure; it enumerates all eligible
post-feedback turns in clean successful episodes
and creates a synthetic negative at each one. Ap-
pendix A.3.3 provides the source-episode filters,
turn-eligibility criteria, and the four corruption
rules.

Phase B applies this in two passes: the first ad-
dresses repeated guesses and bad length (1,905
pairs, 5=0.1); the second addresses invalid words
and duplicated answer fields (1,906 pairs, 5=0.1).
After the first pass, the old repeat loops no longer
appear in the raw Wordle probe, but invalid words
and duplicated answer fields emerge instead. The
second pass corrects these; its aggregate suite ef-
fect is sign-inconsistent across the two evaluation
rails (Table 8).
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After addressing fixed failure classes with syn-
thetic pairs, we turn to errors arising in the current
model’s own trajectories. Phase C plays training-
split Wordle with the current checkpoint, branches
at early decision points (factor 2, rounds 1-3,
T=0.7), and pairs the immediate diverging re-
sponses from the highest- and lowest-scoring sib-
lings. DPO against a frozen reference (5=0.20)
targets the residual distribution gap. Branch-DPO
follows a 3.0-point increase in the submitted-model
trajectory, whereas the controlled single-host com-
parison shows a 2.07-point clemscore decrease and
a 1.23-point statscore increase (Tables 2 and 8). We
therefore report its contribution as evaluation-rail-
dependent while retaining it as part of the submitted
model’s training sequence. Appendix A.3.4 details
instance selection, branch grouping, downstream
scoring, and pair extraction.

3.3 Preserving General Capability

By this point, every strong interactive candidate
pays a specialization tax: statscore drops several
points from the starting checkpoint on our pinned
development set. Rather than add more data or
replay, we treat preservation as a post-training
weight-space problem. We scale the learned delta,
W(s) = Whease + $ ALora, and select the scalar
s € [0, 1] by constrained model selection,

s* = argmax S(W(s))

3)
s.t. C(W(s)) = Cuin,

where Chyi, is a paired interactive gate on the
pinned public-development set. At s*=0.85, the
mean of two clemscore evaluations is 50.43 (Ta-
ble 2). The operation is training-free and composes
with any plain LoRA adapter, but the scalar must
be selected on both axes: too low a value fails the
interactive gate. In the official final evaluation, the
submitted fp32 merge scores 38.92 public clem-
score with statscore 44.14 against the 2B baseline’s
44.24.

4 Results

Table 3 reports the official final evaluation. Our sub-
mitted artifact® improves public clemscore from
10.67 to 38.92 (+28.25) and closed in-domain

®The submitted checkpoint is the fp32-merged model
chnln/Qwen3.5-2B-playpen-playornotplay at Hugging
Face revision 828e356. Table 5 gives the complete training
configuration; Appendix A.2 describes the evaluation proto-
cols.

score from 13.41 to 41.17 (+27.76), both above the
official 4B and 9B baselines. For comparison, scal-
ing the official baseline from 2B to 9B raises public
clemscore from 10.67 to 31.91 (+21.24) with no
training at all. Aggregate static performance is ap-
proximately preserved: 44.14 against the baseline’s
44.24.

Table 4 decomposes the official endpoint into
Played and Quality. The in-domain gain is driven
by both components: Played nearly doubles while
Quality also increases. Out-of-domain Played,
however, falls below the untrained base (33.08
vs. 35.19), so the OOD clemscore gain from 3.72
to 7.88 reflects only conditional quality on fewer
played episodes.

Of the total positive out-of-domain movement
(84.86 effective score), three held-out Wordle-crazy
configurations contribute 70.02, or 82.5%; the re-
mainder comes from TA Frozen Lake (+9.17),
TA Mastermind (+5.00), and Cryptolect (+0.67).
The largest hidden in-domain gains are in games
we never targeted: TMW GraphReasoning (+71),
ImageGame (+60), and AdventureGame (+58),
while the targeted Wordle family remains near zero
on hidden in-domain episodes (3.3, 10.0, and 3.3).
Tables 11 and 12 give the full per-game decompo-
sitions.

On the pinned public-development set, the four-
phase trajectory progresses from 13.05 through
43.85 (Phase A), 46.83 and 45.52 (Phase B passes),
and 48.52 (Phase C) to a mean 50.43 after delta
scaling (Table 2). Most adjacent-phase differences
are small relative to the overall gain, and per-
game changes outside Wordle are mixed (Tables 13
and 14), so we report these as a trajectory rather
than a decomposition into causal effects.

5 Discussion

The official evaluation combines a large in-domain
gain with weak out-of-domain transfer. The train-
ing trajectory and its follow-up experiments point
to a common pattern: supervision is most useful
when matched to what the current policy still lacks.
Broad imitation creates participation, local prefer-
ences repair mechanically identifiable decisions,
and weight-space selection chooses an operating
point that retains the resulting gains.
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System Base Public  Stat Closed ID Closed OOD AID AOOD

Qwen3.5-2B 10.67 44.24 13.41 3.72 — —

Qwen3.5-4B  26.66 51.33 34.02 17.99 — —
Baseline Llama-3.1-8B  19.53 45.59 31.24 22.62 — —

Qwen3.5-9B 3191 53.90 41.12 2491 — —

Qwen3.5-27B  60.30 65.05 64.34 43.51 — —
LLP llp-final Qwen3.5-9B  53.39 57.80 59.23 22.09 +18.11 —2.82
DAIR sft-dpo-v2 Qwen3.5-2B  49.60 43.53 50.75 1456 +37.34 +10.84
SLED-BSU Qwen3.5-27B  46.90 63.80 56.36 30.02 —7.98 —13.49
CityUoL GuidePlay = Qwen3.5-2B  46.66 42.30 46.26 10.25 +32.85 +6.53
DAIR sft-v1l Qwen3.5-2B  46.01 44.35 46.57 15.62 +33.16 +11.90
playornotplay (ours) Qwen3.5-2B  38.92 44.14 41.17 788 +27.76 +4.16
BSU-SLIM Qwen3.5-9B  36.61 49.92 39.64 1518 —1.48 —9.73
Dialogue Architects  Qwen3.5-9B  34.39 53.26 43.12 2337  +2.00 —1.54
Bentel iter_3 Qwen3.5-4B  33.35 54.27 37.76 16.60 +3.74 —1.39
Bentel iter Qwen3.5-4B 31.58 54.27 37.41 16.60 +3.39 —1.39
Bentel iter_2 Qwen3.5-4B 2427 47.37 31.97 10.19 —-2.05 —7.80

Table 3: Official final evaluation results of the LM Playschool Challenge (https://github.com/1m-playpen/
1Im-playschool-2026-final-results, snapshot 2dd5a533). Public is the public interactive clemscore; Stat is the
static benchmark score; Closed ID and OOD are the organizer’s hidden in-domain and out-of-domain clemscores.
AID and AOOD are differences against each system’s own matching base. Submissions are sorted by public

clemscore.
Played Quality Clem
(base — ours) (base — ours) (base — ours)
Public 27.22 — 78.63 39.20 — 49.50 10.67 — 38.92
Closed ID  47.32 — 82.62 28.33 — 49.83 13.41 — 41.17

Closed OOD 35.19 — 33.08 10.56 — 23.81 3.72 — 7.88

Table 4: Played and Quality decomposition of the of-
ficial final evaluation. OOD Played falls below the
untrained base, indicating that the OOD clemscore gain
is driven entirely by higher conditional Quality on the
episodes that remain in play.

5.1 Acquisition Creates the Conditions for
Local Repair

Phase-level evidence comes from the pinned public-
development trajectory and the controlled single-
host campaign (Appendix A.5). Phase A is the
largest single step in that trajectory (Table 2).
Played rises sharply while conditional Quality also
improves (Appendix B), and the final model’s offi-
cial decomposition is consistent with this breadth:
its largest hidden in-domain gains appear in games
no later phase targeted (TMW GraphReasoning,
ImageGame, AdventureGame; Table 11). The
breadth of these final-model gains is consistent
with the role of the only all-game training stage.
The later phases operate in a narrower regime.
Only turn-DPO pass 1 has a positive clem marginal
on both the submitted-model trajectory and the con-
trolled campaign (+2.98 and +1.49); pass 2 and
branch-DPO are sign-inconsistent across the two
rails (Tables 2 and 8). The clearest repair signal

remains inside the Wordle family: three held-out
Wordle-crazy configurations account for 82.5% of
total positive out-of-domain movement, while the
targeted Wordle family remains near zero on hid-
den in-domain episodes (Tables 12 and 11). The
observed transfer is therefore concentrated in re-
lated Wordle variants.

Locality appears to be the hinge. In an earlier ex-
periment, the preference covered the entire remain-
ing dialogue rather than the next post-feedback
action. Unfiltered whole-dialogue DPO scored
12.35 and produced natural-language preambles
that violated game protocols across Wordle, Code-
names, and other games; filtering the chosen side
to stronger source models partially recovered the
score to 25.76 but left the principal abort patterns
intact (Appendix A.6). Taken together, the positive
turn-local result and the whole-dialogue failures
suggest that the clearest preference signal arises
when the contrast is attached to a mechanically
verifiable post-feedback decision. Whole-dialogue
DPO, which paired entire remaining interactions
rather than single responses, did not preserve pro-
tocol behavior even after source filtering.

5.2 Preservation as Weight-Space Model
Selection

Delta scaling addresses a different problem from
acquisition and repair. It adds no supervision
and takes no gradient step; instead, it selects a
point along the learned LoRA update. In the of-
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ficial evaluation, aggregate static performance is
approximately preserved (44.14 against the base-
line’s 44.24), while the interactive gains remain
substantial. The aggregate nevertheless hides redis-
tribution: BBH Quality rises from 0.00 to 30.47,
whereas IFEval falls from 68.52 to 51.85 and EQ-
Bench Quality from 64.78 to 56.43.

Preservation is therefore a model-selection prob-
lem along the learned update, rather than another
supervision problem. Delta scaling selects an oper-
ating point between interactive gain and aggregate
static performance, with component-level redistri-
bution.

5.3 Training Effects Depend on Stage and
Parent

To test whether correction-based preference train-
ing remained useful after model selection, we con-
tinued DPO from the selected s=0.85 parent us-
ing solver corrections, success-versus-failure pairs,
or teacher corrections. None of the five arms
exceeded the 50.43 development endpoint; their
scores ranged from 44.15 to 48.92 (Appendix A.6).
At this point in the pipeline, additional correction-
based training did not produce a stronger model.

The absence of further gains does not mean that
the 2B base had exhausted its headroom. DAIR’s
SFT-only system uses the same Qwen3.5-2B base
and reaches 46.01 public, 46.57 hidden in-domain,
and 15.62 hidden out-of-domain clemscore. This
same-base comparison points back to acquisition:
stronger broad supervision can create a better start-
ing policy before local repair begins.

The effect of an acquisition update also depends
on its parent. In a matched 4B probe, low-dose
SFT on 700 off-policy successful episodes reduced
clemscore from 40.75 to 24.36 on the same host,
dataset revision, and evaluation rail. A separate 4B
probe, trained on 303 self-generated successful di-
alogues, reached 35.06 (Appendix A.6). Together
with the late-continuation results, these probes sug-
gest that training effects are path-dependent: broad
imitation helps when participation is missing, local
preference learning helps once failures become me-
chanically identifiable, and further updates after the
policy or parent has changed can instead degrade
behavior the model already possesses.

5.4 Model Selection Shapes What Generalizes

Across the eleven submissions, public clemscore is
strongly associated with closed in-domain score
(r=0.93) but only weakly with closed out-of-

domain score (r=0.30). Every decision in our
pipeline was made on the public-development set,
and the final result mirrors that selection signal: a
large public and hidden in-domain gain, but an out-
of-domain clemscore of 7.88 and out-of-domain
Played below the untrained base. The public set
was informative about hidden in-domain progress
but offered little guidance for broad transfer.

This pattern exposes a practical limit of the
recipe-development process: the endpoint com-
bines a large improvement over a weak starting
point with limited absolute out-of-domain capabil-
ity. Broader transfer would require either diagnos-
tics or a selection signal that reaches beyond the
Wordle family and the public development distribu-
tion.

6 Conclusion

Interactive dialogue-game failures can reflect both
broad capability deficits and local decision errors.
In our pipeline, broad SFT produces the largest
improvement, while turn-local preference pairs
provide the clearest positive repair signal among
the preference-tuning variants we tested. Combin-
ing broad SFT, turn-local repair, and delta scal-
ing raises official public clemscore from 10.67 to
38.92 and closed in-domain score from 13.41 to
41.17, above the official 4B and 9B baselines, while
approximately preserving aggregate static perfor-
mance. Out-of-domain transfer remains limited:
clemscore is 7.88 and Played falls below the un-
trained base. The results support a scoped recipe
for acquiring in-domain game participation and re-
pairing precise within-family failures, with transfer
concentrated in related Wordle variants.

Limitations

Scope of mechanically verifiable repair. Turn-
local repair relies on game-specific diagnostics that
verify whether a post-feedback action violates an
explicit state constraint. That precision restricts
demonstrated coverage to the Wordle family, the
only game for which Phases B and C construct
preference data; the method has not been tested
on failures requiring semantic or strategic judg-
ment. The demonstrated out-of-domain coverage
is related-variant transfer: three held-out Wordle-
crazy configurations account for 70.02 of 84.86
total positive movement (82.5%). The submitted
artifact uses a single Qwen3.5-2B base, so scale
applicability remains untested.
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Untested dependence on the acquisition-stage
parent. Broad SFT accounts for most of the mea-
sured improvement before repair is applied. The re-
pair phases are evaluated after one specific, capped
broad-SFT recipe; the study does not vary the
strength or coverage of the acquisition-stage parent
while holding the repair corpus and training con-
figuration fixed. The experiments therefore cannot
establish whether turn-local repair complements
a stronger imitation stage, compensates for weak-
nesses specific to the submitted parent, or becomes
less useful after stronger acquisition. Local repair
is informative in the regime this parent creates;
its contribution under a differently trained parent
remains unknown.

Limits of phase attribution and model selection.
The official evaluation validates the submitted end-
point, but the sequential trajectory does not iden-
tify the causal contribution of each phase. Phase
and scaling choices reuse a 67-episode public-
development set, and later-phase marginals are not
consistently signed across the two evaluation rails.
Two later phases are sign-inconsistent across rails:
turn-DPO pass 2 is —1.31 on the development tra-
jectory and +1.34 on the controlled campaign;
branch-DPO is +3.00 and —2.07. Only pass 1
is positive on both (+2.98 and +1.49). Adjacent
checkpoint differences combine training, sequen-
tial dependence, repeated selection, and evaluation
variance, so they describe a trajectory rather than
additive causal effects. The endpoint improves
substantially over the base; the magnitude and ne-
cessity of individual later phases remain uncertain.

Aggregate rather than component-wise preser-
vation. Delta scaling approximately preserves
the official aggregate statscore (44.14 vs. 44.24)
while retaining interactive gains. The preserva-
tion objective is itself aggregate: Eq. 3 maximizes
aggregate static score subject to an aggregate inter-
active gate, so gains in one component can offset
losses in another by design. BBH Quality rises
from 0.00 to 30.47 while IFEval drops from 68.52
to 51.85 and EQ-Bench Quality from 64.78 to
56.43. The defensible conclusion is aggregate-
level trade-off control, not preservation of every
general capability. A stronger claim would require
component-wise floors or a multi-objective selec-
tion criterion.
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A Training and Evaluation Details

A.1 Submitted Model

The submitted artifact is the checkpoint at Hugging
Face revision 828e356 . This is the revision used
for the official evaluation.

The submitted model is an fp32 merge of a
LoRA adapter into the Qwen3.5-2B base. Its train-
ing costs approximately 5.3 hours on a single A100-
80GB GPU.

A.2 Evaluation Pins

The paper reports scores on two dev/test sets, which
are not directly comparable.

Official final evaluation. The organizer’s eval-
uation at snapshot 2dd5a533 uses clemcore ver-
sion 3.7.2. The official metadata does not record
the exact clembench game-tree revision. Public,
closed in-domain, and closed out-of-domain scores
constitute the primary result. The public suite con-
tains 502 episodes (72 interactive, 430 static); the
closed suites contain 1,272 in-domain and 360 out-
of-domain episodes. All runs use temperature 0, a
5,000-token generation limit, and thinking mode
disabled.

Pinned public-development evaluation. Our
development evaluations pin dataset revision
557d8caf and clembench tree commit ed39486,
yielding 67 interactive episodes across 14 games.
This set produces the per-phase trajectory in Ta-
ble 2 and the matched per-game comparison in
Table 13.

A.3 Training Details
A.3.1 Toolkits

The training pipeline uses Playpen trainers built
on Hugging Face transformers, peft, and trl.
Phase A uses TRL’s SFTTrainer; Phases B and C
use DPOTrainer.

A.3.2 Broad-SFT Corpus

Phase A trains on success-only episodes from
playpen-data, capped at 700 per game, with seed-
42 shuffling and a 95/5 train—eval split. Table 6
lists per-game counts at the training-time snapshot.

A.3.3 Turn-Local Preference Construction
Phase B constructs preference pairs from clean
successful Wordle episodes. Eligibility is decided
in three steps:

7https://huggingface.co/chnln/Qwen3.
5-2B-playpen-playornotplay
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Batch / length / epochs

Other

Ph. Data Objective LR / sched. /
warmup

A 9,522 rows SFT, AdamW 2e-4 / cosine /
0.03

Bl 1,905 pairs DPO, f=0.1 5e-6 / cosine /
0.03

B2 1,906 pairs DPO, 5=0.1 5e-6 / cosine /
0.03

C 77 pairs DPO, f=0.2 5e-6 / cosine /
0.03

D — delta scaling no optimizer

5=0.85

micro 8 X accum 4 = 32;
2,048; 1

micro 1 X accum 16 = 16;
1,024; 1

micro 1 X accum 16 = 16;
1,024; 1

micro 1 X accum 16 = 16;
1,024; 1

LoRA r16/a32/dropout 0.05/all-
linear; bf16; grad. ckpt. on; seed
42

bf16; grad. ckpt. off; separate
frozen reference

bf16; grad. ckpt. off; separate
frozen reference

bf16; grad. ckpt. on; separate
frozen reference; factor 2, rounds

1-3, T'=0.7, 256 new tokens

multiply each lora_B by 0.85,
then merge in fp32

Table 5: Complete training configuration for the four effective phases. All trainable phases continue the same LoRA

adapter on Qwen3.5-2B in bf16.

Game Success Capped Train
AdventureGame 429 429 403
Codenames 2,402 700 669
DoND 1,256 700 663
GuessWhat 2,170 700 662
HotAirBalloon 1,102 700 658
ImageGame 1,018 700 662
Matchlt ASCII 1,654 700 668
PrivateShared 228 228 221
ReferenceGame 3,872 700 658
Taboo 2,522 700 678
TextMapWorld 742 700 666
TMW GraphReasoning 356 356 338
TMW SpecificRoom 717 700 660
Wordle 371 371 351
Wordle w/ Clue 438 438 419
Wordle w/ Critic 740 700 669
Total 20,017 9,522 9,045

Table 6: Broad-SFT per-game counts at the recon-
structed training-time snapshot (cf23af92). Success
counts successful episodes; Capped applies the 700-per-
game limit; Train is the count after the 95/5 split.

1. The source row has game wordle and out-
come success. The optional source-model
filter was empty, so all successful episodes
contribute.

2. The whole episode is rejected if any user
message contains “not a valid word” or if
any parsed assistant guess repeats within the
episode.

3. The selected assistant reply contains a
parseable lowercase guess: field, is assistant
turn 2 or later, and immediately follows a user
message containing guess_feedback:.

The prompt is the exact dialogue history be-
fore that reply. The preferred completion y* is

the unmodified response from the clean successful
episode; it is not a teacher-generated correction.
The rejected completion y~ applies one of four
deterministic corruptions to that same response:

* repeat_last: replace the current guess with
the previous guess; skip if already equal.

* bad_length: replace a guess of at least five
characters with its first four.

* invalid_word: try fixed single-letter substi-
tutions and then fixed candidates, taking the
first five-letter alphabetic token absent from
the official Wordle lexicon, with zzzzz as fall-
back.

* duplicate_guess_keyword: append a second
guess: line to the otherwise unchanged re-
sponse.

Pass 1 uses repeat_last and bad_length; pass 2
uses invalid_word and duplicate_guess_keyword.
One-negative sampling was not enabled, so every
configured corruption that applies produces a pair.
Table 7 shows a real failure of the kind the corrup-
tions imitate.

A.3.4 Branch-DPO Construction

Phase C loads the train-split instance configura-
tion, filters to Wordle, shuffles with seed 42, and
selects 27 instances. The current checkpoint plays
each instance with branching factor 2 at rounds 1—
3, temperature 0.7, and at most 256 generated to-
kens per turn. Sibling branches are grouped by
shared game-snapshot origin, and a group needs
at least two branches. Within a group, siblings
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Role

Model guess: slate

GM guess_feedback:
t<red> e<red>

Model guess: crane

GM guess_feedback: c<red> r<green> a<red>

n<green> e<red>

The feedback shows that ‘r’ and ‘n’ are correct

in their positions, while ‘c’, ‘a’, and ‘e’ are

incorrect. ... guess: ringer

GM Error: The length of the guessed word
is not 5. game_result = ABORT

Content

s<red> l<red> a<red>

Model

Table 7: A real Wordle failure from the broad-
SFT checkpoint on the pinned public-development set
(medium-frequency instance 14, target word grind). The
model reasons correctly about letter positions and then
produces a six-letter guess. This is a diagnostic example,
not a Phase B training row: Phase B pairs are built from
clean successful episodes.

are ranked by the score of the complete down-
stream episode, which combines terminal outcome,
speed, closeness, strategy, and penalties for re-
peated, invalid, bad-length, duplicated, missing,
or feedback-inconsistent guesses; it is not a binary
win/loss label. The chosen and rejected items are
only the immediate diverging assistant responses
of the highest- and lowest-scoring siblings, with
the shared history as prompt. A group is dropped
when the two scores are equal.

The run produced 90 trajectories, 295 branch
points, and 77 DPO pairs (73 train, 4 eval).

A.4 Two Nominal Stages Removed

The training process for the submitted model was
originally described as six stages. Nominal Stage 2
was a continued SFT pass over the weakest games;
nominal Stage 3 was a GRPO (Shao et al., 2024)
probe on Wordle with a dense reward that parses
feedback and penalizes six mechanical violations.
Neither changed a single weight, for two unrelated
reasons.

Nominal Stage 2. The run loaded the broad-
SFT adapter through the inference loader,
which sets is_trainable=False, and the warm-
start path passed peft_config=None, so no
new trainable adapter was created. @ TRL’s
enable_input_require_grads() kept the for-
ward and backward passes from raising, so the
run completed and wrote checkpoints. The output
adapter is byte-identical to the broad-SFT check-
point (372 of 372 tensors equal) and its optimizer
state contains zero parameters.

Nominal Stage 3. With 8 # 0, GRPOTrainer
in TRL 0.29.1 builds the frozen reference by call-
ing add_adapter with the same configuration ob-
ject, which still carries inference_mode=True.
Adapter injection therefore silently re-froze every
adapter, the policy included, and the optimizer was
constructed afterwards on an empty parameter set.
The log reports 16.8M trainable parameters and 54
non-zero gradient norms, but every gradient was
computed and discarded; the KL term is identically
zero across all 54 steps.

Behavioral corroboration. Re-evaluating the
three nominal checkpoints at temperature 0 on
the pinned split, 13 of 14 games produce byte-
identical transcripts. The one divergence is Ad-
ventureGame, traced to Python set iteration order
under PYTHONHASHSEED. The three scores 43.85,
44.09, and 43.35 are thus three evaluations of one
set of weights, and their 0.74-point spread is a di-
rect measurement of evaluation noise on this suite.

Corrected re-runs. Both stages were re-run with
the bugs fixed on a single host, using the same
seeds, learning rates, batch geometry, and reward
shaping as the originals. Because the corrected
runs used the paper’s pinned dataset revision rather
than the original snapshot, the weak-game SFT
corpus changed from 2,119 to 2,224 rows and the
GRPO instance set shifted by two task IDs. The cor-
rected runs therefore reproduce the recipe family
with slightly different corpora. The corrected weak-
game SFT scored 42.07 (—1.78 from its 43.85 par-
ent) and the corrected GRPO scored 43.55 (41.48
from that parent), a net —0.30 over both. Training
dynamics confirm genuine optimization: non-zero
gradient norms where the originals showed zeros,
and a non-zero KL term where the original was
identically zero.

A.5 Controlled Single-Host Ablation

Table 8 reports a controlled campaign run on one
host, approximately one month before the final Hub
commit. All rows share the same host, harness, and
session. The campaign predates the submission
and was available at ship time.

Of the three later phases, only turn-DPO pass 1
has a positive clem marginal on both the submitted-
model trajectory and this campaign (+2.98 and
+1.49); pass 2 (—1.31/41.34) and branch-DPO
(+3.00/—2.07) are sign-inconsistent across the two
rails. A consistent trade appears across phases: the
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Row Configuration Clem  Stat
A broad SFT only 44.09 39.88
B A + turn-DPO pass 1 45.58 39.62
C A + turn-DPO pass 1 (repeat) 45.94 40.96
D C + turn-DPO pass 2 47.28 40.31
E D + branch-DPO 4521 41.54

Table 8: Controlled single-host ablation. Rows B and C
independently apply the same turn-DPO pass-1 config-
uration to the same effective parent; their difference
(+0.36 clem, +1.34 stat) estimates repeat-run variation.
Adding branch-DPO to Row D reduces clem by 2.07
and raises stat by 1.23 (Row E). Row A’s adapter is byte-
identical to the broad-SFT adapter that scored 43.85 on
the pinned rail; the 0.24-point difference is evaluation
variation measured in §A.4. This controlled campaign
and Table 2 use separate evaluation rails.

Arm Pairs Clem vs. 50.43
Wordle-only solver 66 48.39 —-2.0
All failures 675 44.15 —6.3
Wordle high-dose 66 44.99 —5.4
Conservative SVF 500 48.92 -1.5
SVF, then s=0.95 — 48.08 —2.4
SVF, then s=0.90 — 46.68 -3.8
SVF from Phase A parent 500 49.76 —-0.7
SVF from unscaled Phase C 500 48.74 —-1.7
GPT-5.5 teacher, shipped parent 411 46.35 —4.1
GPT-5.5 teacher, Phase A parent 411 27.20 —23.2

Table 9: Ten evaluated late-continuation endpoints.
Eight are DPO runs (8=0.20, max length 1,024, micro-
batch 1, separate frozen reference); two are training-
free rescalings of a preceding DPO arm (marked —).
SVF denotes success-versus-failure pairs. Of the eight
DPO runs, five start from the selected s=0.85 adapter
and three start from other parents (Phase A or unscaled
Phase C). The 50.43 comparator is the mean of two
evaluations of the selected adapter and serves as the
contextual reference for this campaign.

phases that raise clem cost a small amount of stat,
and the one that costs clem gains stat.

A.6 Abandoned Directions

Late continuation. Table 9 reports ten evaluated
endpoints from the late-continuation campaign:
eight DPO runs and two post-DPO training-free
rescalings.

Solver pairs identify a bad Wordle turn and pair
the actual response against a rule-based correction.
Success-versus-failure pairs select the first error-
followed assistant turn, or otherwise the last, and
match a successful same-game response by prompt
similarity. The teacher corpus is 345 GPT-5.5 cor-
rections plus 66 solver corrections. Continuation
of an existing adapter passes no new PEFT configu-

ration, so the effective adapter architecture remains
the parent’s, despite what some launcher variables
advertise.

Both cross-parent comparisons in the table
jointly vary parent, learning rate, and epoch count
(arms 4 vs. 7 for the 500-pair SVF corpus; arms 9
vs. 10 for the 411-pair teacher corpus).

Whole-trajectory preference tuning. Two ear-
lier DPO arms trained on full-dialogue preference
pairs from the broad-SFT checkpoint, continuing
at LR 5e-6, $=0.1, micro-batch 1 x accumula-
tion 8, max length 2,048, one epoch. The prompt
was the initial user message and both completions
were entire remaining dialogues, pairing one suc-
cess against one random failure or abort from the
same game, experiment, task, role, and opening
message.

* Unfiltered whole-dialogue DPO: the chosen
side is any successful transcript; 3,973 pairs.
Clemscore 12.35. The model began emitting
natural-language preambles before game ac-
tions, violating strict request format across
Wordle, Codenames, and other games.

* Source-filtered whole-dialogue DPO: the
chosen side is filtered to transcripts from six
stronger source models; 1,337 pairs. Clem-
score 25.76. Protocol compliance partially
recovered, but Wordle and Codenames still
aborted; all six GuessWhat episodes were
played, but none was won.

No live teacher was queried in either arm: the
source-filtered variant uses transcripts that already
exist in playpen-data, filtering them by source-
model name. Unfiltered whole-dialogue preference
learning did not merely fail to help; it destroyed
protocol compliance across multiple games. The
contrast with Phase B motivates held-fixed histories
and token-level contrasts.

4B supervised probes. We tested two SFT-only
updates on Qwen3.5-4B. In the matched off-policy
probe, a fresh LoRA adapter trained for one epoch
on 700 successful episodes reduced clemscore from
40.75 to 24.36 on the same host, dataset revision,
clembench revision, and evaluation rail. A separate
probe let the vanilla 4B model generate training tra-
jectories, retained its 303 successful full dialogues
across 14 games, and applied success-only SFT; the
resulting model scored 35.06. Both probes used
LR 2e-5, effective batch size 16, and maximum
length 2,048.
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Baseline Ours
Benchmark Played Quality Played Quality
BBH 100.00 0.00 100.00  30.47
CLadder 100.00  48.51 100.00  46.53
EQ-Bench 97.06 6478 94.12 5643
IFEval 100.00  68.52 100.00  51.85
MMLU-Pro 100.00 40.71 100.00  38.05

Table 10: Public static components of the official eval-
uation. Applying Eq. 1 gives statscore 44.24 for the
baseline and 44.14 for our submission. The aggregate is
approximately preserved, but the components are redis-
tributed: BBH Quality rises by 30.47 while IFEval falls
by 16.67 and EQ-Bench Quality by 8.35.

A.7 Official Per-Game Decompositions

Tables 11 and 12 decompose the official final evalu-
ation per game for the 2B baseline and our submis-
sion. Table 10 gives the public static components
behind the reported statscores.

B Per-Game Matched Comparison

Table 13 decomposes the pipeline per game at four
checkpoints: the vanilla base, the broad-SFT check-
point (Phase A), the last Wordle-trained checkpoint
(Phase C, before delta scaling), and the shipped
fp32 merge. To make the per-game deltas internally
comparable, all four checkpoints were re-evaluated
on a single host with the same evaluation harness,
dataset revision 557d8caf, and clembench commit
ed39486; the matched base score coincides with
the organizer-reported baseline (13.05). We use
these matched runs for the per-game analysis and
the official evaluations for the headline results in
the body.

At suite level, macro-averaged Played rises from
30.95 to 84.19 between the base and Phase A, while
macro-averaged Quality over played games rises
from 42.15 to 52.09.

The three delta columns separate what changed
during broad SFT (Base—SFT), during the
Wordle-only phases (SFT—Branch), and under
gradient-free delta scaling plus the fp32 merge
(Branch—Final). Changes outside Wordle during
the Wordle-only phases are mixed in sign and rest
on 3—-13 episodes per game; their interpretation is
descriptive.

C Plain-Wordle Behavior by Phase

Table 14 tracks the three public plain-Wordle
episodes across the pipeline, using process-level
metrics rather than the game score alone. Among

checkpoints with played plain-Wordle episodes,
mean repetitions fall from 3.0 after broad SFT to
0 after the second Phase B pass; repetition is un-
observable after the first Phase B pass and after
scaling because no episode is played. Phase C
shows the most stable protocol behavior among
the evaluated checkpoints (100% played, no vi-
olated requests, 100% request success), yet con-
ditional Quality is O at every checkpoint with
played episodes: the Wordle-focused phases re-
paired protocol-level failures on this public probe
but did not solve the underlying guessing task.

Across repeated same-harness evaluations, the
unscaled Phase C checkpoint plays all three pub-
lic episodes, while the s=0.85-scaled checkpoint
and all downstream artifacts abort all three, re-
introducing a bad-length guess of the kind targeted
in the first Phase B pass. Repeated evaluations
establish this pattern on the fixed three-episode
probe.
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Qwen3.5-2B baseline playornotplay (ours)

Game Played Quality Eff. Played Quality Eff.  AEff.
TMW GraphReasoning 0.00 0.00 0.00 100.00 70.99 70.99 +70.99
ImageGame 80.00 1203  9.62 97.50 7146 69.67 +60.05
AdventureGame 0.00 0.00 0.00 100.00 5833 5833 +58.33
TextMapWorld 0.00 0.00 0.00 100.00 5791 5791 45791
TMW SpecificRoom 0.00 0.00 0.00 100.00 5333 5333 +53.33
DoND 30.00 0.00  0.00 100.00 39.75 39.75  +39.75
Taboo 93.33 8.63 805 100.00 4778 4778 +39.73
BBH 100.00 0.00  0.00 100.00 3942 3942 +439.42
PrivateShared 0.00 0.00 0.00 56.00 38.69 21.67 +21.67
GuessWhat 0.00 0.00  0.00 100.00 18.33 18.33 +18.33
Codenames 0.00 0.00 0.00 46.92 29.51 13.85 +413.85
Matchlt ASCII 100.00 75.00 75.00 100.00 85.00 85.00 +10.00
Wordle w/ Clue 6.67 50.00 3.33 10.00 100.00 10.00 +6.67
MMLU-Pro 100.00 23.00 23.00 100.00 28.00 28.00 +5.00
Wordle 16.67 0.00 0.00 43.33 7.69 333  +3.33
Wordle w/ Critic 3.33 0.00  0.00 333 100.00 333 +43.33
Clean Up 66.67 3.17 211  88.89 4.85 431 +2.20
CLadder 100.00 52.00 52.00 100.00 50.00 50.00 —2.00
ReferenceGame 100.00 45.56 45.56 100.00 4333 4333 —-2.23
IFEval 100.00 64.00 64.00 100.00 50.00 50.00 —14.00
EQ-Bench 97.00 63.20 61.30  89.00 52.09 4636 —14.94

Table 11: Official hidden in-domain per-game decomposition, 21 scored configurations, sorted by change in effective
score. Eff. is the displayed diagnostic Played x Quality /100; these values are not averaged to reconstruct the suite
clemscore (Eq. 1).

Qwen3.5-2B baseline playornotplay (ours)
Game Played Quality Eff. Played Quality Eff. A Eff.

Wordle-crazy w/ Critic 6.67 0.00 0.00 36.67 9091 3334 +33.34
Wordle-crazy w/ Clue 6.67 50.00 333 36.67 100.00 36.67 +33.34

TA Frozen Lake 50.00 26.11 13.05 40.00 5556 2222  49.17
TA Mastermind 0.00 0.00 0.00 15.00 3333 500 +5.00
Wordle-crazy 333 0.00 0.00 80.00 417 334 +3.34
Cryptolect 56.67 0.00 0.00 33.33 200 067 +40.67
Clockwork Courier 0.00 0.00 0.00 56.67 0.00 0.00 +0.00
Get to the Point 40.00 0.00 0.00 35.00 0.00 0.00 +0.00
TA Sokoban 10.00 0.00 0.00 10.00 0.00 0.00 +0.00
Tower of Hanoi 20.83 0.00 0.00 25.00 0.00 0.00 +0.00
Chronicle 100.00 502 502 333 0.00 0.00 —5.02
ST Clean Up 83.33 11.65 9.71 3333 485 162 —8.09
TA Blackjack 80.00 2333 18.66  25.00 18.67 4.67 —14.00

Table 12: Official hidden out-of-domain per-game decomposition, 13 scored configurations from eight game
families, sorted by change in effective score. The three Wordle-crazy configurations contribute 82.5% of total
positive movement. Columns are as in Table 11.
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A A A

Game n  Base Broad SFT Branch-DPO Final Base—SFT SFT—Branch Branch—Final
AdventureGame 5 0.0 333 40.0 333 +33.3 +6.7 —6.7
Codenames 13 0.0 0.0 7.7 7.7 0.0 +7.7 0.0
GuessWhat 6 0.0 50.0 333  50.0 +50.0 —-16.7 +16.7
ImageGame 4 358 81.2 89.8 852 +45.4 +8.6 —4.6
Matchlt ASCIT 4 750 50.0 75.0 75.0 —25.0 +25.0 0.0
PrivateShared 4 0.0 35.1 21.3 183 +35.1 —13.8 -3.0
ReferenceGame 5 100.0 80.0 60.0 80.0 —20.0 —20.0 +20.0
Taboo 6 0.0 41.7 41.7  25.0 +41.7 0.0 —16.7
TextMapWorld 5 0.0 55.6 65.2 657 +55.6 +9.6 +0.5
TMW GraphReasoning 3 0.0 58.9 58.9 589 +58.9 0.0 0.0
TMW SpecificRoom 3 0.0 66.7 66.7  66.7 +66.7 0.0 0.0
Wordle 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Wordle w/ Clue 3 0.0 33.3 50.0 50.0 +33.3 +16.7 0.0
Wordle w/ Critic 3 0.0 66.7 66.7 66.7 +66.7 0.0 0.0
Overall 67 13.05 43.85 48.52 48.70 +30.80 +4.67 +0.18

Table 13: Matched per-game comparison of four checkpoints on the pinned public-development set (single host,
single harness, dataset 557d8caf, clembench ed39486). The per-game score is the derived P,(),/100; it is displayed
as 0 when Played = 0, although Quality itself is undefined there (Eq. 1). The overall clemscore is the product of
macro-averaged Played and macro-averaged Quality over played games, not the mean of the per-game column,
so per-game deltas do not sum to the overall delta. The Broad SFT column is the Phase A checkpoint and the
Branch-DPO column is the Phase C checkpoint (Table 2). A Branch—Final includes gradient-free delta scaling and
the fp32 merge, not additional training. Each game has 3—13 episodes; the changes are descriptive.

Checkpoint Training scope Suite Clem W Played W Quality Rep./played ep. Viol./ep. Req. success
Broad SFT weights™ all games 43.85 66.7 0 3.00 0.33 88.9
Phase B pass 1 Wordle 46.83 0 — — 1.00 63.9
Phase B pass 2 Wordle 45.52 66.7 0 0.00 0.33 91.7
Phase C Wordle 48.52 100 0 0.00 0.00 100.0
+ scaling s=.85 none (no gradient) 50.82/50.03 0 — — 1.00 69.4
Shipped fp32 merge none (merge only) 48.70/49.10 0 — — 1.00 69.4

Table 14: Plain-Wordle behavior after each phase on the three public validation episodes (development evaluations;
pinned dataset 557d8caf). *Three greedy evaluations of byte-identical weights span 43.35-44.09; the difference is
evaluation noise (§A.4). Suite Clem is the full 14-game clemscore; for the scaled and shipped artifacts we list the
two runs of each. W Quality is undefined (—) when no episode is played. Rep./played ep. is the mean clembench
Guess Repetitions over played episodes; Viol./ep. and Req. success are the mean Violated Request Count and
Request Success Ratio (%) over all three episodes.

183



Author Index

Baratella, Simone, 160
Bernardi, Raffaella, 110
Boukortt, Sami, 1
Buttery, Paula, 57

Fernandez, Raquel, 110
Foroutan, Neda, 132
Fujita, Haruto, 49

Ghosh, Shreya, 127
Giulianelli, Mario, 110
Gu, Tianle, 19

Hakimov, Sherzod, 110

Harshavaishnav, Velineni, 127

Hasegawa, Ryo, 97
Hayashi, Katsuhiko, 49
Hugq, Syed Mahbubul, 140

Kamigaito, Hidetaka, 49
Kanayama, Ryoki, 49
Karasawa, Karina, 49
Keeling, Geoff, 1

Koki, Raika, 49

Koller, Alexander, 110

Le, Dieu-Thu, 110

Lemon, Oliver, 110
Li, Nan, 170

Liu, Guanming, 30

Madhyastha, Pranava, 140
Manina, Maria, 110
Matsuno, Shogo, 49
Mazzaccara, Davide, 110
McCallum, Sabrina, 110

Meshram, Valhari, 132
Momente, Filippo, 110
Monz, Christof, 41

Naszadi, Kata, 41

Obara, Ryoma, 49
Osswald, Karl, 110

Rajput, Abhinav, 80
Ristic, Dimitrije, 110
Rocca, Roberta, 1

Sadler, Philipp, 110
Sakai, Yusuke, 49
Salhan, Suchir, 57
Sarzotti, Marika, 160
Schlangen, David, 110
Sonoda, Tetsuya, 97
Srivastava, Varad, 148
Street, Winnie, 1
Suglia, Alessandro, 110
Suzumura, Yuki, 49

Tej, Vasamsetti Nihal, 127

Teng, Yan, 19
Tsuchida, Rikuto, 97

Utsuro, Takehito, 97
Vogelstein, Acey, 80

Yang, Xinqi, 19
Yang, Yiwen, 30

184



	Title page
	Sponsors
	Copyright
	Introduction
	Organizing Committee
	Program Committee
	Keynote Talk: On Causal & Social World Models in Language Models
	Keynote Talk: Learning to Interact, Interacting to Learn
	Keynote Talk: Language Learning through Social and Embodied Experience
	Keynote Talk: Data Efficiency in Children and Language Models
	Table of Contents
	Program
	Beyond Sally-Anne: Evaluating Theory of Mind in Large Language Models using Epistemic Schelling Points
	Can Faithful CoT Improve Multi-turn LLM Agents? Effectiveness, Boundaries, and Paradoxes
	ProcessPrefBench: Evaluating Cross-Task Transfer of Individual Process Preferences from Naturalistic Human–AI Interaction
	Role-Specific Strengths and Alignment in LLM Cross-Play and Self-Play
	InterviewArena: Estimating Uninformative Participants through Interactive Dialogue under Incomplete Information
	Protocol Competence of Small Language Models in Interactive Language Game Environments
	Pareto-Dominant Clarification: Post-Training Coding LLMs via PPO-Lagrangian Budget Constraints
	An Empirical Study on Improving an LLMs based Interviewer Against Human Interviewees
	The LM Playschool Challenge 2026
	Enhancing LLM Performance via LoRA SFT and DPO for the LM Playschool Challenge
	Adapting SCoRe to Single-Player Dialogue Games: Initial Experiments on PLAYPEN
	First Make It Playable, Then Make It Good: Staged Interaction Learning for Small Dialogue-Game Agents
	Raising a Small Language Model: From Imitation to Curiosity-Driven Learning in Dialogue Games
	Teaching or Sharpening? An Exploration of the Potential of DPO Post-Training for Dialogue Games
	Acquire, Repair, Preserve: A Diagnosis-Guided Post-Training Recipe for Small-Model Dialogue Game Agents

