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Abstract

Multiparty tutoring policies must regulate turn-
taking and social attention, yet collecting
the interaction data needed for reinforcement
learning is expensive in educational settings.
We introduce an LLM-based user simulator
for triadic robot—student dialogue that repre-
sents gaze and gesture as inline stage direc-
tions. Combined with phase-tagged prompting
(which delineates conversational structure) and
per-turn persona reinforcement, this design al-
lows the LLMs to generate interactions that
preserve key discourse structure and control-
lable participation dynamics.

We validate six simulator variants against a real
student-robot corpus (12 student pairs) using
metrics for semantic similarity, cue obedience,
and persona consistency. While the simulator
reaches strong semantic agreement with real
transcripts, it also reveals a measurable sim-to-
real style gap (in verbosity and grammatical
complexity). The simulator enables the cre-
ation of an RL environment where the tutor
selects factorized gaze and reference actions,
learning to interact with simulated students.
We compare online training (APPO) to offline
learning (DQN). Off-policy evaluation on real
logs shows that offline policies trained purely
from synthetic data exceed online-trained poli-
cies under a doubly-robust estimator, and a
verbal-only ablation yields unstable OPE due to
heavy-tailed importance weights. These results
support a scalable workflow for prototyping
socially grounded multiparty tutoring policies
while relaying where real-world coverage and
OPE reliability remain bottlenecks.

1 Introduction

Developing dialogue policies to effectively man-
age multiparty interactions is a challenging task
in computational linguistics (Sapkota et al., 2025;
Ganesh et al., 2023). Unlike dyadic conversa-
tions, multiparty settings require agents to not

only process verbal content but also manage so-
cial dynamics, such as turn-taking regulation, gaze-
based addressee selection, and non-verbal back-
channeling (Castillo-Loépez et al., 2025; Vertegaal
and Ding, 2002; Ouchi and Tsuboi, 2016; Axels-
son et al., 2022). Reinforcement Learning (RL)
offers a robust paradigm for optimizing such poli-
cies; yet its application is bottlenecked by the
data scarcity problem (Kwan et al., 2023; Zhang
et al., 2020). Training RL agents through direct
interaction with humans—especially in sensitive do-
mains like education—is prohibitively expensive,
time-consuming, and fraught with ethical risks dur-
ing the exploration phase (Memarian and Doleck,
2024; Akgun and Greenhow, 2022).

User simulation has long served as a surrogate
to mitigate these costs (Young et al., 2013; Schatz-
mann et al., 2007). However, existing simulators
often struggle to bridge the gap between linguistic
fidelity and social realism. Traditional rule-based
simulators lack linguistic diversity, while modern
LLM-based approaches typically focus on semantic
coherence at the expense of non-verbal dynamics
(Luo et al., 2024). This omission should not be
overlooked: in multiparty dialogue, who is looking
at whom is often as important as what is being said
(Vertegaal and Ding, 2002; Auer, 2018). A simula-
tor that ignores these non-verbal cues may fail to
effectively train an agent to manage participation
or intervene at appropriate moments.

To address this gap, we present a novel frame-
work for high-fidelity, multimodal user simulation
using text-only Large Language Models. Our core
insight is that complex social signals—gaze, gesture,
and silence—can be effectively encoded as textual
inline “stage directions” within the prompt context.
This allows off-the-shelf LLMs to simulate rich,
non-verbal multiparty dynamics without necessitat-
ing specialized multimodal architectures.

We ground this framework in the domain of
adaptive pedagogical agents (Woolf, 2008), using
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a dataset of student-robot interactions (N = 12
pairs) as our real-world benchmark. This spe-
cific context—collaborative math problem solving—
provides a testbed requiring both task-oriented
logic and subtle social coordination.

Our contributions are threefold:

1. A Multiparty Simulation Framework: We
introduce a method for simulating multiparty
interactions that integrates verbal and non-
verbal channels via text, supported by our
“Student Primitives” mechanism for control-
ling participation tendency. We validate this
framework against real-world data, quantify-
ing the “Sim-to-Real” gap, to estimate the
social realism in generated dialogue (Da et al.,
2025). We note that recent benchmarks in the
math tutoring domain suggest that validating
simulators against human judgment is criti-
cal for ensuring they serve as reliable proxies
(Dou et al., 2025).

2. The Necessity of Multimodal Grounding:
Through ablation studies, we provide empiri-
cal evidence that multimodal grounding is im-
portant for managing multiparty interactions
using RL in our setting. We show that poli-
cies trained without gaze/gesture awareness
suffer from distributional shift when evaluated
against real-world human behavior, suggest-
ing that non-verbal signals provide structural
guidance for producing valid social interac-
tions (Asis et al., 2023).

3. Validating a Scalable Offline Workflow: To
circumvent the high latency and computa-
tional cost of live LLM interaction, we in-
vestigate offline reinforcement learning us-
ing synthetic logs. We demonstrate that
policies trained offline achieve parity with
those trained via expensive online simula-
tion, establishing a high-throughput, low-
resource framework for developing socially
aware agents.

2 Simulation Design and Implementation

To enable the training of these RL policies, our sim-
ulation framework must accurately model not just
the semantic content of student speech, but also the
structural and non-verbal dynamics of multiparty
interaction. We approach this as a controlled gen-
eration task, where an LLLM is prompted to act as

a simulator for a structured educational discourse
environment (Sun et al., 2023).

2.1 Target Discourse Dynamics

We model a triadic interaction involving a peda-
gogical robot (Emma) and two students. This set-
ting is characterized by a shifting discourse struc-
ture: the dialogue oscillates between Robot-Led
task steering and autonomous Peer-fo-Peer discus-
sion. Within these segments, key communicative
acts—such as signaling confusion or claiming the
floor—are mediated non-verbally through gaze and
gesture. A successful simulator must reproduce this
dynamic turn-governance to ensure the RL agent
learns to navigate realistic social transitions.

2.2 Operationalizing Social Realism

We use the term social realism to refer to three mea-
surable properties of multiparty interaction, rather
than a holistic judgment of naturalness:

* Gaze-Mediated Turn-Taking: The student
cued by the robot’s gaze or verbal reference
should be the one who takes the next turn
(Vertegaal and Ding, 2002; Auer, 2018).

Farticipation Balance: Both students should
contribute verbally. We treat balance as a
proxy for the collaborative engagement de-
scribed by the ICAP framework (Chi and
Wylie, 2014), and operationalize it using word
count entropy (Asano et al., 2024).

Initiative Asymmetry: One student may con-
sistently drive problem solving while the other
follows. This pattern has been linked to knowl-
edge co-construction in peer collaboration
(Howard et al., 2017).

Section 3 evaluates the simulator on the first two
properties directly (via the Phase Coherence Score
and Word Count Entropy). The third motivates the
Student Primitives mechanism (Section 2.6), which
is designed to produce controllable asymmetry in
initiative-taking.

2.3 Generative Simulation Framework

Our architecture (Figure 1) orchestrates the inter-
action between a standard LLM (functioning as
the student simulator) and the RL agent. The
robot’s verbal content is generated by a fixed rule-
based manager using AIML (Artificial Intelligence
Markup Language) (Wallace, 2009), while the RL
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Figure 1: Core architecture of the LLM-based student simulation framework. Discrete RL actions (Gaze/Reference)
are fused with rule-based dialogue (AIML) via the Response Augmentation module, creating a multimodal context

for the LLM simulator.

agent modulates the social delivery (gaze and refer-
ence cues) of that content.

2.4 Textual Encoding of Multimodal Signals

To simulate non-verbal behaviors with a text-only
LLM, we introduce a Textual Encoding Mech-
anism that translates multimodal signals into ex-
plicit inline “stage directions” embedded within the
dialogue prompt.

This mechanism functions in two directions:

1. Robot-to-Sim (Input): The RL agent’s actions
(e.g., Reference: Student A, Gaze: Monitor)
are converted into parenthetical descriptors
appended to the robot’s utterance:

Emma: "What do you think is
next?” (Emma looks at the
monitor and shrugs)

This explicit encoding primes the LLM to con-
dition its generation on the robot’s attention
target, mimicking the effect of joint attention
in human dialogue (Vertegaal and Ding, 2002;
Tomasello, 2003).

2. Sim-to-Robot (Output): We instruct the LLM
to generate stage directions for the simu-
lated students (e.g., (Student A looks at
Student B)). These generated text tokens are
parsed directly by the RL agent, allowing it
to observe student gaze patterns as part of its
state representation.

2.5 Structural Enforcement via Phases

Collaborative learning interactions in our domain
follow a strict two-stage discourse structure: stu-
dents first debate the answer amongst themselves
(Peer Discussion) before presenting their consen-
sus to the tutor (Explanation). This mirrors the
deployed protocol, in which pairs solved each prob-
lem together before teaching the solution to Emma

(Appendix B.1). To enforce this sequence, we im-
plement a Phase Tagging prompt strategy. We
explicitly instruct the LLM to delineate its output
using the following structural tags:

* [Phase 11]: Peer-to-peer discussion, where
students debate the answer and are forbidden
from addressing the robot.

* [Phase 2]: Explanation to the robot, where
a single student must deliver the final answer
to the tutor.

By forcing the model to generate these explicit
tags, we impose a hard constraint on the dialogue
flow, preventing the common failure mode where
simulated students prematurely address the tutor or
skip the collaborative step.

2.6 Persona Modeling and Consistency

A known limitation of LLMs in dialogue simulation
is “persona drift” or “mode collapse,” where indi-
vidual simulated characters gradually converge to a
generic, average voice (Skantze, 2021). To counter
this, we employ a Student Primitives framework.
Each simulated student is assigned one of five dis-
crete profiles, ranging from Extremely Shy to Very
Confident (Appendix D). These tiers are a control
knob for generating measurable variation in par-
ticipation tendency, not a validated personality in-
strument. The construct we manipulate is initiative-
taking propensity (how readily a student speaks first
and holds the floor) rather than a psychological trait
model. We make no claim that the tier labels corre-
spond to psychological categories; our validation
(Section 3) tests only whether the tiers produce dis-
tinct participation distributions. To maintain these
traits over long interaction horizons, we propose
Dynamic Instruction Reinforcement (DIR); at
every turn, we dynamically append a short, high-
priority instruction solely to the prompt context,
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reaffirming the specific traits of the current speak-
ers (e.g., "Student A is shy and rarely speaks first.
Student B is dominant."). This additional prompt
context is excluded from the dialogue history. This
ephemeral reinforcement ensures that the generated
participation patterns remain distinct and consistent
throughout the episode, aiming to provide the RL
agent with stable, varied social dynamics to learn
from.

3 Simulation Validation

To validate our framework as a training ground
for social policies, we assess its fidelity across
three dimensions: Linguistic Realism (Do simu-
lated students sound like real students?), Discourse
Structure (Do they follow social norms?), and Per-
sonality Consistency (Do they maintain distinct
personas?).

3.1 Reference Dataset

We ground our validation in an IRB-approved mul-
timodal corpus of real-world student-robot inter-
actions. The dataset consists of N = 12 under-
graduate pairs (24 participants) engaging in collab-
orative math problem-solving with a robot tutor.
The corpus comprises N = 71 conversations (one
per math problem). Each conversation alternates
between robot utterances and the student replies
they elicit; we refer to one such exchange as a turn.
The corpus contains 737 turns in total (10.4 + 7.1
per conversation), and each turn corresponds to one
state transition under the definition in Section 4.1.
At the utterance level, the corpus contains 2,770 ut-
terances (818 robot, 1,952 student; 39.0 + 28.5
per conversation) averaging 16.0 + 15.5 words
(20.4 + 9.7 for the robot, 14.1 + 17.0 for students).

For comparison with the simulator, we aligned
these streams into a linear dialogue history and
converted the non-verbal signals into the inline
stage-direction format of Section 2.4 (e.g., (Student
looks at Robot)). The deployed protocol imposed
the same solve-then-teach structure, so the phase
tags in the real data reflect the collection protocol
rather than post-hoc annotation. Details on the
protocol, participants, and alignment pipeline are
in Appendix B.

We compare six simulation configurations (N =
600 episodes) against our real-world corpus (N =
71 episodes), utilizing non-parametric statistical
tests (Kolmogorov-Smirnov, Mann-Whitney U) to
account for non-normal distributions in dialogue

data.

3.2 Experimental Configurations

We evaluate six simulation configurations to iso-
late the impact of our architectural components
(Table 1). We test two LLM backbones: Qwen
(Qwen3-14B-Chat) and Mistral (Mistral-Small-
Instruct) (Yang et al., 2025; Mistral Al Team, 2025).
For each, we perform ablation studies on our two
mechanisms:

* Dynamic Instruction Reinforcement (DIR):
The per-turn injection of personality traits.

* Dynamic Temperature Management (DTM): A
simple adaptive sampling strategy that adjusts
generation temperature based on validation
success rates. (Appendix E.2)

Table 1: Simulation Configurations. DIR: Dynamic In-
struction Reinforcement; DTM: Dynamic Temperature
Management.

Configuration LLM Backbone DIR DTM
Qwen-Full Qwen3-14B v v
Qwen-NoDIR Qwen3-14B v
Mistral-Full-DIR Mistral-24B v v
Mistral-NoDIR Mistral-24B v

Mistral-Full-NoTemp
Mistral-BaseLLM

Mistral-24B v
Mistral-24B

3.3 Dimension 1: Linguistic Realism

We evaluate the semantic and stylistic quality of
generated utterances using existing NLP metrics.

Semantic Coherence: We verify that simu-
lated responses are contextually relevant using
BERTScore, measuring the similarity between
simulated utterances and the distribution of real-
world responses in similar contexts (Zhang et al.,
2019). As shown in Table 2, all primary config-
urations achieve high F1 scores (> 0.86), outper-
forming a randomized text baseline (Lorem Ipsum,
0.62) which establishes the lower bound for non-
semantic overlap. More importantly, the model
approaches the Inter-Speaker Consistency score
(0.901), which quantifies the semantic agreement
between actual human pairs and serves as a ceiling
for naturalistic variation.

Table 5 provides an excerpt from a simulated
interaction, illustrating the interplay between phase
tags, stage directions, and personality expression.

Stylistic "Sim-to-Real" Gap: While semantically
coherent, we observe a stylistic gap. Analysis of
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Table 2: BERTScore F1 Results Comparing Simulated
Dialogues to Real-World Corpus. Higher F1 scores
indicate greater semantic similarity. “Overall" refers to
the complete dialogue; “Phase 1" to Peer Discussion;

and “Phase 2" to Explanation to Robot.

Simulation Configuration

Overall F1 Phase 1 F1 Phase 2 F1

Qwen-Full 0.8741 0.8943 0.8728
Qwen-NoDIR 0.8519 0.8415 0.8683
Mistral-Full-DIR 0.8626 0.8600 0.8747
Mistral-NoDIR 0.8594 0.8415 0.8787
Mistral-Full-NoTemp 0.8631 0.8510 0.8812
Mistral-BaseLLM 0.8591 0.8451 0.8798
Lorem Ipsum Baseline 0.6229 0.6175 0.6282
Real World Inter-Speaker Consistency 0.9019 0.9223 0.9093

linguistic complexity metrics reveals that simulated
students are consistently more verbose and gram-
matically complex than their real-world counter-
parts.

* Verbosity: Simulated utterances have a higher
Average Sentence Length (ASL) (p < 0.001,
Cohen’s d =~ 2.4).

* Complexity: Flesch-Kincaid Grade Level
(FKGL) is higher in simulation (M = 6.2)
than in real transcripts (M = 4.1) (Kincaid
etal., 1975).

3.4 Dimension 2: Discourse Structure &
Responsiveness

One requirement for our simulator is that agents
respect the specific turn-taking norms of the peer-
to-peer (Peer) and human-robot (Robot) phases.
We define a metric, the Phase Coherence Score
(PCS), to quantify this:

1
PCS = N ;H(Speakert =target,) (1)

where target, is the student explicitly cued by
Emma’s gaze/reference. A score of 1.0 implies
perfect obedience to social cues.

Result: Variable Social Compliance. PCS is
defined only for episodes containing at least one
student-to-robot initiation, so we report it alongside
the fraction of episodes in which such initiations
occur (all 71 real conversations). We compare each
configuration to the real corpus with two-sided
Mann-Whitney U tests (rank-biserial r as effect
size) and report bootstrapped 95% confidence inter-
vals (10,000 resamples) on the mean. Full statistics
for all configurations are in Appendix C. Compli-
ance was highly model-dependent:

Qwen-Full students addressed the robot in 84%
of episodes, but with low coherence (PCS M =
0.24,95% CI [0.21, 0.27]), significantly below real
students (M = 0.37, [0.30,0.43]; U = 6433.5,
ny = 253, ng = 71, p < 0.001, r = —0.28).
This creates a "chaotic" training environment where
students frequently ignore the robot’s cues.

Mistral-Full-DIR students addressed the robot
in fewer episodes (49%), but when they did, no
significant difference from real students was de-
tected (PCS M = 0.44, [0.38,0.50]; U = 5696.5,
ny = 146, no = 71, p = 0.23, r = 0.10). This
null result does not establish equivalence; the inter-
vals are consistent with small differences in either
direction.

The gap between the two backbones is itself
useful: it allows us to "tune" the difficulty of the
social environment. We can train agents in the more
compliant Mistral environment for predictability, or
in the "chaotic" Qwen environment for robustness.

3.5 Dimension 3: Personality Consistency

Finally, we validate that our "Student Primitives" ef-
fectively modulate participation. We define Word
Count Entropy (WCE) as a measure of participa-
tion balance across students (1.0 = perfect equity)
(Shannon, 1948; Asano et al., 2024).

Distribution of Word Count Entropy by Imbalance Level

Word Count Entropy

Figure 2: Distribution of Word Count Entropy (WCE)
across simulated personality imbalance levels (0 to 4).
WCE decreases with the assigned imbalance, the signa-
ture expected if the “Student Primitives” control partici-
pation as intended.

Because the Imbalance Level is the absolute
difference between the two students’ assigned
participation-tendency scores (Appendix D), a
working control mechanism should produce a spe-
cific signature: as the assigned gap grows, the more
confident student should take a larger share of the
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words, and WCE should fall. This is what we ob-
serve (Figure 2): mean WCE decreases from (.94
for balanced pairs (Level 0) to 0.58 for extreme
imbalance (Level 4), with intermediate levels be-
tween these extremes. The negative relationship is
the expected outcome of the prompts having their
intended effect; a flat trend would indicate that the
personality descriptions were being ignored.

Result:  Dynamic Instruction Reinforcement
(DIR) is required to sustain this effect. A Kruskal-
Wallis test confirms that the five imbalance levels
produce distinct WCE distributions (H (4) = 77.8,
p < 0.001). Our ablation study reveals that without
per-turn reinforcement, the influence of the initial
system prompt decays as the context window grows
(context dilution). This leads to distinct personali-
ties (e.g., Shy vs. Confident) gradually converging
to a generic average behavior, such that no signifi-
cant differences between imbalance levels remain
detectable over long episodes.

4 Reinforcement Learning Environment
Design

With the simulation validation complete, we for-
mulated the RL problem to train policies for man-
aging student participation. We treat the LLM as
a generator of environment dynamics rather than
the policy itself, as standard language models can-
not directly optimize for non-differentiable peda-
gogical rewards (such as participation entropy or
learning gains). RL enables us to explicitly max-
imize these specific educational outcomes. We
model the task as a Partially Observable Markov
Decision Process (POMDP) defined by the tuple
(S, A, T,R,v) (Kaelbling et al., 1998).

4.1 State and Action Space

State Space (S): Unlike traditional approaches that
rely on hand-crafted features (D’Mello et al., 2007,
Forbes-Riley and Litman, 2011; Chi et al., 2011;
Pietquin et al., 2011), we utilize a raw textual rep-
resentation (Jaques et al., 2019). The state s; at
turn ¢ (one robot utterance and the student replies it
elicits, as in Section 3.1) consists of the tokenized
dialogue history H; = [ug, u1, . . ., u¢], where each
utterance u; includes both verbal content and the
inline stage directions defined in Section 2.4. To
maintain computational tractability, we employ a
sliding context window of the most recent K turns.

Action Space (A): The agent controls Emma
through a factorized discrete action space

A =R x G (JA] = 12). This consists of Verbal
Reference R € {Student A, Student B, None}
(determining  if the  robot  explicitly
names a student) and Gaze Direction
G € {Student A, Student B, Monitor, Thinking }
(setting the non-verbal attention target). To ensure
naturalism, we apply action masking to disable
the verbal reference component R when the base
dialogue system is not generating a question.

4.2 Reward Function

The reward function Ry (t) = agRp(t) +
apRp(t) (with ap = ap = 0.5) combines two
components grounded in the ICAP framework (Chi
and Wylie, 2014): Entropy-based Balance (Rg),
which measures the evenness of verbal participa-
tion using the Shannon entropy of word counts;
and Dialogue Expressivity Ratio (Rp), which mea-
sures lexical alignment between students via shared
unique expressions (Dubuisson Duplessis et al.,
2021; Friedberg et al., 2012).

4.3 Optimization Algorithm

Due to the computationally intensive nature of
LLM-based simulation (step times often exceed-
ing 30s), traditional on-policy algorithms like PPO
are prohibitively slow. We instead employ Asyn-
chronous PPO (APPO), an implementation of
the IMPALA architecture (Espeholt et al., 2018).
APPO decouples data collection (Actors) from op-
timization (Learner), allowing us to parallelize sim-
ulation across multiple VLLM (Kwon et al., 2023)
workers while using IMPALA’s V-trace off-policy
corrections to handle the lag between behavior and
target policies.

5 RL Findings and Analysis

We trained several RL policies varying the algo-
rithm (APPO vs PPO) and the training data distribu-
tion. To assess robustness across different contexts,
we employed two personality sampling strategies:

Uniform: Individual student traits are sampled
uniformly at random, resulting in a normal distri-
bution of imbalance centered on moderate pairs.

Imbalance-Focused: The sampling probability
is heavily skewed towards high-imbalance dyads
(e.g., Level 3 and 4), deliberately exposing the
agent to challenging scenarios where participation
is naturally skewed.
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5.1 Effectiveness of RL Training

We analyze the performance of seven policy config-
urations to isolate the effects of algorithm choice,
training distribution, and data source. These in-
clude online agents varying by algorithm (APPO
vs. PPO) and sampling curriculum (Uniform vs.
ImbalanceFocused), as well as a high-entropy vari-
ant (0.1 Ent) designed to be similar to the behavior
of the Random baseline. We also introduce a mul-
timodal ablation (No Gaze/Gesture), trained in an
environment where the LLM is neither prompted
with nor generates non-verbal “stage directions,”
strictly relying on verbal tokens. Additionally, we
evaluate offline agents trained via DQN on datasets
of varying composition: purely synthetic (Offline-
Simulated), purely real-world (Offline-Real), and
a 50/50 mix (Offline-Mixed). Table 3 summarizes
their performance.

Table 3: Comparative Performance of Policy Abla-
tions in Simulation. We evaluate policies based on
In-Simulation Reward (Mean Episode Reward) using
Uniform sampling. Policies training used a default en-
tropy of 0.05 unless specified. Italicized rows denote
reference policies that serve as theoretical upper bounds.

Policy Sampling  Algorithm Sim Reward

Random (Baseline) N/A N/A 4.8713 + 2.6707
PPO Uniform PPO 4.3401 + 2.8202
Uniform Uniform APPO 4.7386 + 3.1636
Offline-Simulated Uniform DQN 4.7927 + 3.1943
ImbalanceFocused Imbalanced APPO 5.1612 + 3.1446
ImbalanceFocused (0.1 Ent) Imbalanced APPO 5.2605 + 3.5395
ImbalanceFocused (No Gaze/Gesture) Imbalanced APPO 5.1299 4+ 2.7334
Offline-Mixed (Reference) Uniform DON 5.5675 + 2.976
Offline-Real (Reference) Uniform DON 4.8101 + 3.3901

Algorithmic Efficiency (APPO vs. PPO): We
observe a performance gap between asynchronous
and synchronous methods. The ImbalanceFocused
(APPO) agent achieved a mean reward of 5.16,
outperforming the PPO agent (4.34). Both were
trained for the same wall-clock duration, so the
gap reflects APPO’s throughput advantage in high-
latency LLM environments (9.97 vs. 1.46 aggre-
gate steps/sec), where decoupling simulation from
learning improves sample efficiency

Curriculum and Generalization: The sampling
strategy used during training had a marked effect on
final performance. Agents trained on Imbalance-
Focused distributions (5.16) outperformed those
trained on Uniform distributions (4.74) and the
PPO baseline (4.34), even when evaluated on
Uniform scenarios. This suggests that exposing
agents to "hard" cases (high participation imbal-
ance) forces the policy to learn more robust inter-

vention strategies than training on the target dis-
tribution itself. While the Random baseline (4.87)
remains competitive by artificially inflating the en-
tropy reward (R ), the RL agent achieves its higher
score by balancing Rr with Dialogue Expressiv-
ity (Rp), ensuring that the interaction is coherent
rather than merely random.

Emergent Social Strategies: The agent moved
beyond stochastic behavior to adopt distinct social
strategies. Qualitative analysis of high-advantage
states reveals observable learned behaviors:

1. Congruent Cueing for Engagement: When in-
troducing new problems, the policy learned to
couple verbal references with direct gaze (e.g.,
Reference: Student A, Gaze: Student A), even
though the action space permits incongruent
combinations to support deictic gesturing (Ap-
pendix E.1).

2. Ildentifying Unproductive States: The agent
assigned lower advantage to interventions dur-
ing system artifacts (e.g., repetitive AIML
glitches such as “My body looks like un-
known”), recognizing when standard strate-
gies were failing to advance the state.

5.2 The Utility of Synthetic Data

Evaluation Methodology. Deploying every candi-
date policy with real students is infeasible, so we
estimate the value of a target policy 7 from tra-
jectories logged under a different behavior policy
mp, (here, the randomized gaze and reference pol-
icy used during the original deployment; Appendix
B.1). This is the Off-Policy Evaluation (OPE) prob-
lem. We report four standard estimators that oc-
cupy different points on the bias—variance spectrum
(Voloshin et al., 2021):

* Importance Sampling (Vig): Reweights each
logged return by the likelihood ratio [ [, 7(a; |
st)/mp(ar | s¢) (Precup et al., 2000). Un-
biased, but its variance grows exponentially
with the episode horizon.

» Weighted IS (Viyy1s): Normalizes the impor-
tance weights across trajectories (Precup et al.,
2000). This introduces a small bias in ex-
change for substantially lower variance.

* Direct Method (Vpyr): Fits a regression
model of the value function from the logged
data and evaluates 7 under that model (Le
et al., 2019). Low variance, but biased when-
ever the model is misspecified.
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* Doubly Robust (Vpr): Combines Vp;s and
Vrs, using the model as a control variate for
the importance-weighted returns (Jiang and
Li, 2016; Thomas and Brunskill, 2016). It
is unbiased if either the value model or the
importance weights are accurate, and typically
has lower variance than V;g.

We designate Vpg as our primary estimator. Our
reference corpus is small (N = 71 episodes) and
the horizon is long (H = 16), conditions under
which pure importance weights become heavy-
tailed while Vp ;s alone is vulnerable to model bias.
We report all four estimators for transparency and
treat disagreement among them as a diagnostic of
weak overlap between 7 and 7, (Section 5.3).

A central question is whether we can leverage
synthetic data for efficient policy learning. We
compared an Online agent (trained via live APPO
interaction with the simulator) against an Offline-
Simulated agent (trained via DQN on a dataset of
random simulator interactions, N = 6,038,245).

To contextualize these results, we also trained
two reference policies using our limited real-world
corpus (N = 71 episodes):

* Offline-Real (Upper Bound): Trained solely
on the real-world corpus. We acknowledge
that evaluating on the training set is non-
standard; however, this is intended to serve as
a generous theoretical ceiling, representing an
"oracle" policy that has effectively memorized
the optimal actions for this specific target dis-
tribution.

* Offline-Mixed (Augmented): Trained on a
50/50 mix of real and synthetic data.

Table 4 presents OPE estimates for each policy
on the real-world corpus (Asis et al., 2023).

Synthetic Data Viability and Data Limitations:
The Offline-Simulated agent (Vpr = 1.009) and
Online agent (1.012) perform comparably to the
Random baseline (0.990), with overlapping con-
fidence intervals. While this parity suggests the
policies are “safe” (not degrading performance),
the lack of statistical separation highlights a critical
limitation: our small real-world dataset (N = 71)
provides insufficient statistical power to reliably
distinguish between competent policies using OPE.
However, the trends are directionally consistent—
simulation-trained agents score nominally higher
than random, and the Offline-Real agent scores

highest (1.126). This score establishes a theoreti-
cal performance ceiling and confirms the sensitivity
of our metric. Notably, the Offline-Mixed result
(1.056) falls between the synthetic and real-only
policies, suggesting that while synthetic data is use-
ful for initialization, naive mixing can dilute the
high-quality signal of real experiences.

5.3 The Value of Multimodal Grounding

To assess the value of “stage direction” encoding,
we evaluated an ablated policy (No Gaze/Gesture)
that observed only verbal tokens. While this agent
performed well within the simulation (Reward:
5.13), its OPE evaluation on real-world data re-
vealed an interesting limitation.

Specifically, the OPE process entered a weak-
overlap (limited effective support) regime. Al-
though the data-collection policy was uniform ran-
dom over actions (so support holds in principle),
the No Gaze/Gesture policy converged to a substan-
tially more peaked action distribution. Under tra-
jectory importance sampling, the probability that a
random behavior trajectory matches such a specific
policy decays exponentially with episode length
(H = 16). This yields a heavy-tailed distribu-
tion of importance weights (Thomas and Brunskill,
2016) where the Effective Sample Size (ESS) col-
lapses to near zero. Consequently, the OPE esti-
mate becomes dominated by a single "lucky" trajec-
tory that happened to match the policy, rendering
the resulting value estimate statistically meaning-
less and highly unstable.

This mismatch manifested numerically as ex-
ploded trajectory weights: standard V7g estimates
exceeded 1.0 x 10°, and the effective sample size
(ESS) collapsed to < 2.0, indicating that the esti-
mate was dominated by a small number of trajecto-
ries (Metelli et al., 2020).

6 Related Work

Multiparty Dialogue and Turn-Taking. Most dia-
logue systems research targets dyadic settings; mul-
tiparty interaction adds addressee selection, floor
management, and speaker identification (Ganesh
et al., 2023; Sapkota et al., 2025). Gaze is a primary
cue for these decisions in three-party conversation
(Vertegaal and Ding, 2002; Auer, 2018), but com-
putational models of addressee selection and turn-
taking (Ouchi and Tsuboi, 2016; Skantze, 2021;
Castillo-Lépez et al., 2025) have largely treated it
as a prediction target. We instead treat gaze and ver-
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Table 4: Off-Policy Evaluation (OPE) Results on Real-World Data. We report estimates from four estimators: Direct
Method (Vpas), Doubly Robust (Vp ), Weighted Importance Sampling (Vi 1s), and Importance Sampling (V;g).
Values represent the mean estimate with 95% confidence intervals in parentheses. Vpp is bolded as the primary

metric due to its balance of bias and variance.

Policy Vv (Model-Based)

Vbr (Doubly Robust) Vi rs (Weighted IS)

Vis (Std. IS)

Random (Baseline)

0.972 (0.724-1.197)

0.990 (0.945-1.036)

1.001 (0.973-1.036)

0.999 (0.967-1.026)

PPO (Online)
Uniform (Online)
Offline-Simulated

ImbalanceFocused (Online)
Imb. Focused (0.1 Ent)

No Gaze/Gesture

0.896 (0.666-1.208)
1.070 (0.798-1.313)
1.334 (0.993-1.646)
1.070 (0.795-1.304)
1.197 (0.903-1.484)

Unreliable**

0.921 (0.673-1.223)
0.933 (0.583-1.214)
1.009 (0.936-1.117)
1.012 (0.489-1.456)
1.027 (0.550-1.395)

Unreliable**

0.929 (0.675-1.129)
0.966 (0.832-1.158)
1.002 (0.986-1.050)
0.952 (0.717-1.166)
0.960 (0.768-1.097)

Unreliable**

0.914 (0.674-1.172)
0.966 (0.823-1.147)
1.002 (0.979-1.052)
0.953 (0.709-1.166)
0.952 (0.762-1.108)

Unreliable**

Offline-Mixed (Reference)
Offline-Real (Reference)

1.051 (0.782-1.294)
0.943 (0.708-1.167)

1.056 (0.931-1.162)
1.126 (0.899-1.414)

0.986 (0.902—-1.060)
0.943 (0.802-1.092)

0.988 (0.906-1.075)
0.914 (0.707-1.103)

“Note: OPE estimates for the ‘No Gaze/Gesture’ policy were consistently extremely large (> 10), likely
due to severe off-policy distribution shift, rendering them unreliable for interpretation.

bal reference as controllable actions whose effects
on student behavior the RL agent must learn.

User Simulation. Agenda-based and statistical
simulators enabled early POMDP dialogue policy
learning (Schatzmann et al., 2007; Young et al.,
2013), but lack linguistic diversity. LLM-based
simulators restore that diversity (Luo et al., 2024;
Sun et al., 2023), although their reliability as prox-
ies for human users remains an open concern (Dou
etal., 2025), and they are almost exclusively dyadic
and text-only. We extend them to triadic interac-
tion with textually encoded non-verbal channels,
validated against a real corpus.

Reinforcement Learning for Tutoring. RL has
been used to induce pedagogical policies from tu-
toring corpora (Chi et al., 2011; D’Mello et al.,
2007; Forbes-Riley and Litman, 2011; Memarian
and Doleck, 2024), typically with hand-crafted
state features and data from a single learner. Clos-
est to our setting, Maidment et al. (2022) built an
RL environment for a teachable robot from a lim-
ited multiparty corpus; we differ in using an LLM
simulator to generate unbounded training interac-
tions and in learning from raw text states (Jaques
et al., 2019). Our reward draws on the ICAP
framework (Chi and Wylie, 2014), on participation-
balance metrics that predict learning with a robot
(Asano et al., 2024), on initiative shifts as a sig-
nal of knowledge co-construction (Howard et al.,
2017), and on lexical entrainment as a predictor
of group success (Friedberg et al., 2012; Dubuis-
son Duplessis et al., 2021).

Sim-to-Real Transfer and Off-Policy Evaluation.
Sim-to-real transfer is well studied in robotics

(Zhao et al., 2020; Da et al., 2025), where the gap
is physical; in dialogue the gap is linguistic and
social. Off-policy evaluation makes it possible to
assess simulator-trained policies on real logs with-
out deployment (Precup et al., 2000; Jiang and Li,
2016; Thomas and Brunskill, 2016; Voloshin et al.,
2021), and has been applied to dialogue policies
(Jaques et al., 2019; Gao et al., 2023). We use OPE
both to compare online and offline training and,
through its failure on the verbal-only ablation, as a
diagnostic of distributional shift.

7 Conclusion

This work introduces a framework for training mul-
tiparty pedagogical policies using LLM-based mul-
timodal user simulation. By encoding gaze, gesture,
and social signals as textual “stage directions,” we
enable text-only models to function as surrogates
for these social interactions. Our results support
three conclusions. Multimodal grounding matters:
the No Gaze/Gesture ablation could not be eval-
uated reliably with OPE, indicating that the tex-
tual encoding aligns the simulator’s state distribu-
tion with real-world dynamics. Personality-driven
curricula help: agents trained on ImbalanceFo-
cused distributions (R = 5.16) outperformed those
trained on uniform distributions (R = 4.74), sug-
gesting that exposure to distinct participation pro-
files yields more robust strategies. Offline learning
scales: policies trained purely on synthetic logs
reached parity (Vpr ~ 1.01) with computationally
expensive online agents, allowing large synthetic
datasets to replace live simulation as the bottleneck.
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8 Limitations

While our framework demonstrates the efficacy
of LLM-based simulation for training pedagogical
policies, we acknowledge several limitations that
constrain the generalizability and interpretation of
our results.

Statistical Power of Real-World Benchmarks
A primary bottleneck in our validation pipeline is
the size of the real-world reference corpus (/N = 71
conversations). While sufficient for establishing
qualitative baselines, this small sample size limits
the statistical resolution of our Off-Policy Evalua-
tion (OPE). As seen in Table 4, the confidence inter-
vals for competent policies (e.g., Offline-Simulated
vs. Online) often overlap. Consequently, we in-
terpret our OPE results as providing directional
evidence of policy viability rather than a definitive
ordinal ranking. Future work must prioritize larger-
scale data collection to enable high-confidence pol-
icy separation.

Sim-to-Real Stylistic Gap Although our simula-
tor achieves high semantic coherence (BERTScore
> (.86), we observe a measurable stylistic gap be-
tween simulated and real students. As detailed
in Section 3, simulated students exhibit higher
verbosity (Average Sentence Length) and gram-
matical complexity (Flesch-Kincaid Grade Level)
than their real-world counterparts. This "verbosity
bias" is a known artifact of instruction-tuned LLMs
(Saito et al., 2023). There is a risk that RL agents
trained in this environment may be operating out-
of-distribution, as they were optimized for verbose
interlocutors and may require calibration when de-
ployed with more concise real-world students.

OPE Stability and Distributional Shift Our
experiments highlight the fragility of Importance
Sampling-based OPE estimators when the target
policy deviates significantly from the behavior pol-
icy. The failure of the No Gaze/Gesture ablation
(which generated importance weights > 10°) un-
derscores a known challenge in offline RL: when a
policy learns a highly peaked or deterministic strat-
egy that differs from the stochastic data-logging
policy, the Effective Sample Size (ESS) collapses,
rendering evaluation impossible. This limits our
ability to evaluate these policy shifts without col-
lecting new on-policy real-world data.

Domain and Embodiment Specificity Our sim-
ulator is currently grounded in a specific triadic

math tutoring scenario with a specific robotic em-
bodiment (Emma). The "Student Primitives" and
prompt structures are designed for collaborative
problem-solving. It remains an open question how
well this textual encoding approach generalizes to
highly physical tasks (e.g., collaborative assembly)
where non-verbal signals are continuous and spatial
rather than discrete communicative acts.

Ethical Considerations and Deployment Risks
Our framework optimizes for participation balance
and lexical alignment, which are proxy metrics
that do not capture the full complexity of effective
pedagogy. An agent trained on these objectives
could, for example, learn to over-prompt reticent
students in ways that increase verbal participation
but cause discomfort or disengagement. As dis-
cussed in Section 2.6, the “Student Primitives” la-
bels are a simulation control and a simplification of
real student behavior; they should not be applied to
real learners. More broadly, deploying RL-trained
policies with real students without first closing the
sim-to-real gap (Section 3) carries inherent risk, as
unexpected agent behaviors in sensitive educational
contexts could negatively affect the learning expe-
rience. Any future classroom deployment should
incorporate human oversight and safety evaluation.
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A Extended Dialogue Samples

Table 5 presents an excerpt from a simulated inter-
action demonstrating the integration of our three
core architectural components:

* Phase Tagging: The explicit delineation
between [Phase 1] (Peer Discussion) and
[Phase 2] (Explanation).

 Stage Directions: The use of parenthetical
text to encode gaze (e.g., "Emma looks at Stu-
dent A") and gesture.

* Student Primitives: The influence of "Shy"
personality traits on utterance length and hedg-
ing (e.g., "Hmm, maybe...").

B Reference Dataset Details

B.1 Study Protocol

The corpus was collected in the in-person study
reported as Study 2 by Asano et al. (2024). Emma
is a humanoid NAO robot positioned next to a
shared monitor. The two students sat together fac-
ing Emma and the monitor, each with a mouse con-
trolling a shared cursor in the web application that
presented the problems. Pairs worked through a se-
quence of middle-school-level ratio word problems,
ordered by increasing difficulty, during a 45-minute

Context: Emma (Robot) introduces a ratio problem
about punch ingredients.

Personalities: Student A (Shy), Student B (Ex-
tremely Shy).

Emma: So to make the punch... I may need to make
up to eight pitchers. (Emma nods)

[Phase 1: Peer Discussion]
(Student A glances at Student B, then back at the

paper)

Student A: Hmm, maybe we need to figure out how
long it takes to make one pitcher first?

(Student B looks up briefly, then back down)
Student B: (Nods slowly) Maybe.

[Phase 2: Explanation to Robot]

(Emma looks at Student A)

Student A: Let’s start with the smallest amount you
might need... If you can figure out how long it takes
to make one pitcher...

Table 5: Generated dialogue sample. The text illustrates
how the "Shy" students engage in hesitant peer discus-
sion (Phase 1) before addressing the robot (Phase 2)
only when explicitly cued by gaze.

session. For each problem, the pair first solved it
together and then taught the solution to Emma step
by step; Emma’s pre-authored responses (questions
and self-explanations) required several teaching
turns per problem, so no problem could be resolved
in a single exchange. This solve-then-teach struc-
ture is what the Phase 1 / Phase 2 tags reproduce in
simulation (Section 2.5).

Emma’s verbal behavior was fully autonomous.
Her dialogue manager was implemented in AIML,
which pattern-matches student utterances to pre-
authored responses; no Wizard-of-Oz control was
used at any point. Her gaze and reference behavior
followed a fixed randomized policy: when asking
a question, she referenced Student A or Student B
25% of the time each and looked at the referenced
student; otherwise she looked at Student A (35%),
Student B (35%), the monitor (15%), or upward as
if thinking (15%). This randomized policy serves
as the behavior policy for the off-policy evaluation
in Section 5.2.

B.2 Participants

We collected data from 28 undergraduate students
(Mgge = 20.67, 5D = 2.38). After excluding ses-
sions with technical failures or incomplete audio,
the final validation set consists of N = 12 student
pairs. The cohort was diverse, identifying as Asian
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(n = 13), White (n = 10), Black (n = 2), and
Multiracial (n = 1), with a gender distribution
of 18 females, 9 males, and 1 non-binary individ-
ual. All personally identifiable information was
removed prior to analysis.

B.3 Preprocessing and Alignment

To reconcile the asynchronous data streams, we
employed a multi-step preprocessing pipeline:

1. Transcription: Each student wore a head-
mounted microphone recorded on a separate
channel; audio was transcribed offline us-
ing OpenAI’s Whisper model (Radford et al.,
2022), giving speaker attribution directly.

2. Temporal Alignment: We utilized a sliding-
window fuzzy string matching algorithm to
align system logs (which contained robot
speech text) with the audio transcripts, cor-
recting for clock drift between the robot and
recording equipment.

3. Signal Serialization: Continuous gaze and
gesture logs were discretized and inserted as
parenthetical text tokens into the dialogue
stream at the corresponding timestamps.

C Phase Coherence Statistics

Table 6 reports the full Phase Coherence Score
(PCS) comparison for every simulation configu-
ration in Table 1. PCS is undefined for episodes
with no student-to-robot initiation; Any-HR gives
the fraction of episodes with a defined PCS, and
n1 the number of such episodes. Each configura-
tion is compared to the real corpus (ny = 71) with
a two-sided Mann-Whitney U test; r is the rank-
biserial correlation (positive values indicate higher
PCS than real students), and confidence intervals
are bootstrapped on the mean (10,000 resamples).

Table 6: Phase Coherence Score by configuration versus
the real corpus.

Condition Any-HR n; PCS M (SD) 95% CI P r

Real corpus 1.000 71 0.366 (0.290)  [0.300, 0.433] - -

Qwen-Full 0.843 253 0.237(0.245) [0.207,0.268] <0.001 ~ —0.28
Qwen-NoDIR 0.580 174 0.194(0.275) [0.154,0.235] <0.001 —0.38
Mistral-Full-DIR 0.487 146 0.443 (0.375)  [0.381, 0.504] 0.229 +0.10
Mistral-NoDIR 0.129 21 0.234(0.170) [0.163,0.303]  0.052  —0.28
Mistral-Full-NoTemp 0.103 31 0.249(0.176) [0.188,0.310]  0.045  —0.25
Mistral-BaseLLM 0.099 17 0.347(0.305) [0.207, 0.489] 0.970 —0.01

D Simulation Hyperparameters

D.1 Personality Quantification

To quantify the disparity in student participation,
we map the qualitative personality descriptions
used in the LLM prompts to a discrete integer scale
(P € {1,...,5}). The Personality Imbalance
Level is calculated as | Psudent A — Pstudent B/-

Table 7: Mapping of Personality Descriptions to Confi-
dence Scores.

Prompt Description  Score (P)
Extremely Shy 1
Shy 2
Average / Neutral 3
Confident 4
Very Confident 5

For example, an interaction between an “Ex-
tremely Shy” student (P = 1) and a “Very Confi-
dent” student (P = 5) results in a Level 4 Imbal-
ance.

E RL Policy and Action Space Analysis

E.1 Action Space Independence and
Congruence

In designing the POMDP, we intentionally factor-
ized the action space into independent Verbal Refer-
ence (R) and Gaze Direction (G) components. We
did not enforce hard constraints requiring gaze to
match the verbal target (e.g., forcing Gaze: Student
A whenever Ref: Student A is selected).

This design choice was motivated by the mul-
timodal nature of pedagogical interactions, where
incongruent behaviors are often functionally neces-
sary. For example, a tutor may verbally address a
student (Ref: Student A) while gazing at the shared
workspace (Gaze: Monitor) to direct joint attention
toward the learning material.

The observation that the learned policy con-
verged on Congruent Cueing (matching Gaze and
Reference) specifically during problem introduc-
tions is, therefore, a non-trivial finding. It indicates
that the agent successfully learned the causal link
between social pressure (direct gaze) and student re-
sponsiveness modeled in the simulator, effectively
“discovering” that establishing eye contact is a pre-
requisite for reliable turn-taking in this specific
social context.
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E.2 Dynamic Temperature Management
(DTM)

To mitigate the risk of repetitive failure loops (e.g.,
the model repeatedly generating text or violating
phase constraints), we implemented an adaptive
sampling strategy. The generation temperature '
for a given turn is a function of the number of
consecutive validation failures f:

T(f) = Tbase + (f X 5step) (2)

where Tpqse = 0.7 is the default temperature
and dgtep = 0.1 is the increment. If a generated
response fails the structural validation checks (e.g.,
missing phase tags or malformed JSON), the sys-
tem rejects the sample, increments f, and retries
with higher entropy. This mechanism allows the
model to "break out" of local optima that lead to
syntax errors. We cap the maximum attempts at
fmaz = 3, after which the simulation episode is
terminated.

F Simulation System Prompts

F.1 Student Simulator System Prompt

The following system prompt is provided to the
LLM (e.g., Mistral or Qwen) to define the simu-
lation environment, the two-phase discourse struc-
ture, and the rules for responding to the robot’s
multimodal cues (gaze and reference).

You are participating in a math tutoring
simulation where two students (Student
A and Student B) help Emma solve ratio
equivalence problems. Emma is a humanoid

character who needs help solving math
problems.
Each interaction follows this structure:

1. Emma presents a math problem 2.
Your response has two phases: - [Phase
1] Student A and B may discuss the
problem between themselves (optional) - If
discussion occurs, students alternate one
sentence at a time - They cannot address
Emma during this phase - Include natural
gaze indicators throughout the conversation
- [Phase 2] One student explains the next
step to Emma - Only ONE student responds
to Emma per turn - The responding student
should typically be the one Emma is looking
at or directly addressing - Explain exactly
ONE step of the solution - Use natural
language explanations only (no equations
or mathematical symbols)

Gaze and Reference Dynamics: Emma indicates
attention through: - Gaze: "(Emma looks at
Student A)" or "(Emma looks at Student B)"

- Direct references: "Student A, can you
help?" or "Student B, what do you think?”
Interaction Rules: - Students should
respond when: - Emma is looking at them
- Emma directly addresses them by reference
- Students naturally respond to Emma’s
attention signals in their interactions
- Students tend to be more engaged and
detailed when Emma is focusing on them
Remember: - Use student characters at
all times - Keep explanations simple
and step-by-step - Use everyday language
to explain mathematical concepts - Never
write out equations or mathematical symbols
- Incorporate natural gaze interactions
throughout the dialogue - Response patterns
should reflect each student’s confidence
level

F.2 Dynamic Instruction Reinforcement (DIR)

To prevent "persona drift," the following instruc-
tions are dynamically appended to the prompt at
every turn, reinforcing the specific personality traits
sampled for the current episode (see Section 2).

[System Notel: Student A is {TRAIT_A}
(Level {LEVEL_A}). Student B is {TRAIT_B}
(Level {LEVEL_B}).

Guidance: - If a student is Extremely
Shy, they should speak rarely, use short
sentences, and hesitate to take the floor
unless explicitly addressed. - If a student
is Very Confident, they should speak
frequently, offer detailed explanations,
and may interrupt or dominate the [Phase
1] discussion.
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