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Abstract

Simulated students play a central role in train-
ing and evaluating AI tutor agents, yet most
approaches rely on static personas or uncon-
strained generation and implicitly assume sta-
tionary behavior. Real student responses also
depend on transient learner states such as af-
fect, attention, and memory that evolve during
interaction. We introduce DYSAS, a dynamic
state-aware student-simulation framework with
three tutoring-facing modules, Affect (A), Atten-
tion (T), and Memory (M). Their low, medium,
and high levels form the discrete ATM27 state
space. We develop this interface through Dy-
namic Learner States (DLS), a prefix-only rep-
resentation inferred at each turn without future
leakage and used to condition student genera-
tion. We evaluate static and dynamic variants
on the Eedi benchmark across prompting, su-
pervised fine-tuning, and preference optimiza-
tion. No configuration wins every objective
as each of correctness-state match, misconcep-
tion behavior, social tone, lexical fidelity, and
tutor-response compatibility favors different
settings. Thus, we present DYSAS as an audit
mechanism within a multi-objective simulator-
selection framework, not as a universally supe-
rior add-on.

1 Introduction

AI tutoring systems increasingly rely on Large Lan-
guage Models (LLMs) to provide scalable and inter-
active learning support (Shi et al., 2026; Scarlatos
et al., 2025b; Dinucu-Jianu et al., 2025). A cen-
tral challenge in developing and evaluating such
systems is limited access to real students, which
makes controlled experimentation expensive, slow,
and difficult to reproduce (Scarlatos et al., 2026;
Weitekamp et al., 2025; Martynova et al., 2025).
Many approaches therefore use simulated students
to train, stress-test, and benchmark tutoring sys-
tems (Scarlatos et al., 2026; Weitekamp et al., 2025;
Martynova et al., 2025).

From an agent-evaluation perspective, the simu-
lated student is the interactive environment against
which a tutor agent is selected. Therefore, reli-
ability requires the environment state at a turn t
to depend only on information available by turn
t. Conditioning on later student behavior or tu-
tor scaffolds can otherwise make an offline tutor
evaluation optimistically biased.

Recent work questions the validity of these sim-
ulators (Yuan et al., 2026; Scarlatos et al., 2026;
Martynova et al., 2025). They can produce plausi-
ble surface behavior while missing the dynamics of
human learning, a gap described as the competence
paradox (Yuan et al., 2026). We argue that this lim-
itation stems partly from a mismatch between the
conditioning interface and the phenomenon being
simulated. Existing approaches often rely on static
personas or unconstrained generation (Scarlatos
et al., 2026; McCrae and John, 1992; Goldberg,
1990). A common persona baseline is OCEAN,
the Big Five model comprising Openness, Consci-
entiousness, Extraversion, Agreeableness, and Neu-
roticism. Because OCEAN provides a compact
and interpretable account of stable social and be-
havioral tendencies (Goldberg, 1990; McCrae and
John, 1992; John and Srivastava, 1999; Scarlatos
et al., 2026), it is a strong baseline for modeling
social style. However, it was not designed to rep-
resent learners’ evolving cognitive and attentional
states, e.g., whether they are currently confused,
distracted, or unable to reuse a recent scaffold.

Learning is inherently dynamic (D’Mello and
Graesser, 2012; Yuan et al., 2026). A learner’s re-
sponse reflects both stable traits (McCrae and John,
1992; Goldberg, 1990) and transient states such as
affect (Pekrun, 2006; D’Mello and Graesser, 2012),
attention (Posner and Petersen, 1990), and work-
ing memory (Baddeley, 1992). These states evolve
throughout interaction. Ignoring them can yield
simulations that appear plausible yet fail to capture
how students learn and change via instruction over
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time (Yuan et al., 2026; Martynova et al., 2025).
Student simulation is therefore partly a problem
of modeling state dynamics, not merely surface
realism (Yuan et al., 2026).

We propose Dynamic State-Aware Student
Simulation (DYSAS) as a shift from static per-
sona conditioning to explicit learner-state con-
trol. DYSAS uses Affect, Attention, and Mem-
ory, where each axis has low, medium, and high
levels for varying learner-state configurations. We
call this compact control space ATM27, where A,
T, and M denote Affect, Attention, and Memory
and 27 denotes their 3 × 3 × 3 joint configura-
tions. It is an operational interface for tutoring dia-
logue, not a psychometric diagnosis. The contrast
with OCEAN is functional rather than ideologi-
cal: OCEAN represents broad social disposition
and interaction style, while ATM27 represents the
short-horizon learning condition that can change
the tutor’s next action.

We make the interface dynamic through Dy-
namic Learner States (DLS). At each student
turn, DLS infers a state from the available dia-
logue prefix and conditions generation on that state.
The current state never observes future student be-
havior or future tutor scaffolds. This prefix-only
rule removes avoidable leakage and turns a hidden
conditioning assumption into an explicit trajectory
that can be inspected turn by turn. Our evalua-
tion predicts each held-out student turn from its
authentic dialogue prefix, so it measures next-turn
fidelity rather than the accumulation of errors in
a free-running interaction. We evaluate DLS and
retrospective full-dialogue static comparators for
both OCEAN and ATM27 across prompting, su-
pervised fine-tuning (SFT), and Direct Preference
Optimization (DPO) on the Eedi student-simulation
benchmark (Scarlatos et al., 2026).

Contributions. We make three contributions.
First, we introduce ATM27, a tutoring-native
learner-state interface organized as Affect, Atten-
tion, and Memory. Second, we instantiate dynamic
conditioning through DLS, a prefix-only update
mechanism that applies across prompting, SFT, and
DPO and exposes auditable state trajectories. Third,
our controlled grid shows that evaluation objectives
select different simulator configurations; we turn
these trade-offs into a goal-to-configuration map
instead of collapsing them into one leaderboard
score.

2 Related Work

2.1 Simulated students for AI tutoring

LLM-based simulated students support tutor evalu-
ation and teacher-facing practice, but recent work
has made their limitations unusually visible. Prior
work simulates students at different skill levels
(Benedetto et al., 2024), while Wu et al. (2025) tar-
get diverse cognitive levels and show that helpful-
assistant priors can produce overly advanced an-
swers that suppress realistic mistakes. CIMA
(Stasaski et al., 2020), MathDial (Macina et al.,
2023), PIIvot (Zent et al., 2025), TutorGym (Weit-
ekamp et al., 2025), and the Eedi/QATD2K bench-
mark (Scarlatos et al., 2026) show that prompting
underperforms post-training on several realism di-
mensions and that strong systems remain far from
real student behavior. Teacher-facing studies also
find students that are overly polished, overly at-
tentive, emotionally flat, or logically inconsistent
(Martynova et al., 2025; Cao et al., 2027). Tutor-
Gym and classroom-scale simulators demonstrate
practical value while emphasizing that interac-
tion trajectories matter more than isolated answers
(Weitekamp et al., 2025; Xu et al., 2025). Com-
plementary tutor-side work uses budgeted verifica-
tion to improve next-action reliability (Purkayastha,
2027), whereas our focus is the fidelity of the sim-
ulated learner used for tutor evaluation. Recent
validity work argues that student simulation should
be judged by epistemic fidelity rather than surface
realism alone (Yuan et al., 2026; Song et al., 2026;
Do et al., 2026). We focus on a missing component,
an interpretable turn-level learner-state interface
with a prefix-only update rule.

2.2 Learner modeling beyond generic
personas

In intelligent tutoring systems, the learner model
enables adaptation rather than serving as deco-
rative metadata. Recent history-conditioned stu-
dent simulation summarizes longitudinal question-
answering and dialogue records into learner pro-
files (Duan et al., 2026). Classical work models
knowledge acquisition, forgetting, and uncertainty
over time (Corbett and Anderson, 1995; Pavlik
et al., 2009; Piech et al., 2015; Abdelrahman et al.,
2023; Yang et al., 2026). Other work studies af-
fect, self-regulation, and open learner models that
expose learner state for pedagogical intervention
(Pekrun, 2006; Winne and Hadwin, 1998; Zimmer-
man, 2002; Bull and Kay, 2007, 2010; Xhakaj and

739



Verbert, 2021; Robles Mucho et al., 2025). These
traditions motivate local, updateable, and pedagogi-
cally actionable descriptors. OCEAN traits instead
describe broad stable tendencies (Goldberg, 1990;
McCrae and John, 1992; McCrae and Costa, 1997;
John and Srivastava, 1999). They remain a useful
baseline, but do not indicate whether a student has
momentarily lost the thread of a scaffold. Thus, we
compare against OCEAN while centering ATM27
on the turn-local state that conditions the next sim-
ulated response.

2.3 Conditioning and post-training for
student simulation

Persona conditioning is common practice in dia-
logue generation, but its benefits are often modest
and task-dependent. Early persona-dialogue mod-
els focused on style consistency (Li et al., 2016;
Zhang et al., 2018). More recent studies find that
persona variables explain only a limited fraction of
human variation and degrade over long interactions
(Hu and Collier, 2024; Luz de Araujo et al., 2026;
Ni et al., 2026). Unlike history-conditioned pro-
files derived from longitudinal records (Duan et al.,
2026), ATM27 is a discrete, prefix-only turn state
updated from the current dialogue prefix. In educa-
tion, prompting, SFT, and DPO have all been used
to steer tutors or learners, but each changes how
conditioning information is consumed. Prompt-
ing can surface high-level instructions, SFT can
internalize recurring patterns, and preference opti-
mization can further reshape behavior toward task-
specific desiderata (Sonkar et al., 2024; Puech et al.,
2025; Rafailov et al., 2023; Lee et al., 2026). Our
question is therefore not merely whether learner-
state conditioning helps, but when a given repre-
sentation remains useful after post-training.

3 Method

3.1 Task and setting
We study turn-level student simulation in tutoring
dialogues. Let ht be the dialogue prefix ending
at the tutor turn before the next student response,
and let yt be the simulated next student turn. A
simulator produces

yt ∼ pθ(· | ht, ct), (1)

where ct is the conditioning signal. It can be ab-
sent or can encode a static or dynamic OCEAN
or ATM27 profile. Evaluation compares the gen-
erated turn with the held-out real turn using the

benchmark’s multi-metric suite. All conditions
share the generator family, training workflow, eval-
uation rows, and judge protocol. The retrospec-
tive static baselines infer one descriptor from the
full dialogue, whereas DLS infers a state from the
available prefix at each turn. Because this contrast
changes both update frequency and information ac-
cess, it compares complete conditioning regimes
rather than identifying the causal effect of updating
alone. Figure 1 shows the complete pipeline.

3.2 ATM27: Tutoring-Actionable Learner
State

ATM27 represents the student state along three dis-
tinct dimensions, Affect (A), Attention (T), and
Memory (M), each rated on low, medium, or high
levels. Their Cartesian product defines 27 states.
Rather than aiming to capture all learner charac-
teristics, we focus on these dimensions because
they satisfy three desirable properties for tutoring-
oriented state representations: they are transient,
pedagogically actionable, and observable from di-
alogue. They evolve at the timescale of tutoring
interactions, have well-established effects on a stu-
dent’s immediate learning behavior, and can be in-
ferred without latent psychological diagnosis (Sec-
tion C.3).

Specifically, affect shapes persistence and help-
seeking (Pekrun, 2006; Baker et al., 2010; D’Mello
and Graesser, 2012; Loderer et al., 2020; Pekrun,
2024; Ryan et al., 2001), attention governs instruc-
tional uptake (Kahneman, 1973; Posner and Pe-
tersen, 1990; Schultz and Arroyo, 2014; Wong
et al., 2022; Szpunar et al., 2013), and working
memory supports the retention and reuse of re-
cent scaffolds (Atkinson and Shiffrin, 1968; Bad-
deley, 1992, 2003; Sweller, 1988; Mayer, 2009;
Peng et al., 2016; Paas and van Merriënboer, 2020).
We therefore present ATM27 as an operational in-
terface for tutoring, rather than a comprehensive
clinical model of cognition or a psychometric diag-
nosis. Under this formulation, Affect captures local
emotional stance such as anxiety, confidence, or
willingness to continue. Attention captures whether
the student is tracking the current tutoring move.
Memory captures whether recent scaffolds and in-
termediate results remain available at the next turn.
The conservative annotation rule assigns low or
high only when multiple cues support it and other-
wise defaults to medium.

ATM27 and OCEAN answer different control
questions. OCEAN asks what a student is gen-
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1. Annotation 2. State-Conditioned Inference 3. Evaluation
Input

Question
Context

Tutor-Student
Dialogue

Annotation
Instructions

LLM Annotator /
State Labeler

OCEAN Persona Profile

L   M   H
OOpenness

CConscientiousness

EExtraversion

AAgreeableness

NNeuroticism

ATM27 Learner State

Affect

Attention

Memory

Student Simulator Backbone

Qwen3–8B

Student Simulator

State Conditioning (same interface across regimes)

OCEAN
Static DLS

Dialogue-level
persona

(fixed for entire 
dialogue)

Prefix-only
turn-level
persona

no future 
leakage

ATM27
Static DLS

Dialogue-level
learner state

(fixed for entire
dialogue)

Prefix-only
turn-level

ATM27 state
no future 
leakage

Training / Inference Regimes (shared interface)

Prompting SFT DPO

Inference Flow (turn t)
Dialogue Prefix
(h₁,…,hₜ₋₁)

State Estimator
f(·)

State zₜ
(OCEAN / ATM27)

Condition
Simulator

Predicted Next Student Turn  ŷₜ
DLS uses prefix only (h₁,…,hₜ₋₁)

 → no access to future turns.

Compare Next Student Turn

Simulated
Next Student 

Turn (ŷₜ)

Held-out
Real Student 

Turn (yₜ)

Evaluation Metrics (7)

ACTS Dialogue-act match

CORRECTNESS Answer correctness

ERRORS Same-error detection

KNOWLEDGE Knowledge-acquisition 
similarity

COSINE SIMILARITY Semantic similarity

ROUGE-L Lexical overlap

TUTOR-RESPONSE Tutor-response compatibility

All variants are evaluated
using the same benchmark

multi-metric framework.

Conditioning Interfaces

Static 
Dialogue-Level Label

One fixed descriptor
applies to the entire
dialogue.

DLS Prefix-Only 
Turn-Level Label
At each student turn, 
State inferred from the 
dialogue prefix

Label Forms

L   M   H

Figure 1: Overview of DYSAS. The framework separates two dimensions of student simulation. Student represen-
tation determines what is modeled, using either OCEAN traits or the tutoring-oriented ATM27 state, while student
modeling determines how this condition evolves, using either one static label or prefix-only DLS updates at each
turn. The workflow proceeds from annotation to state-conditioned next-turn generation and multi-metric evaluation
across prompting, SFT, and DPO, with DLS preventing future leakage.

erally like. ATM27 asks what learning state the
student appears to be in now. Low affect can yield
hesitant or disengaged replies, low attention can
lose the thread, and low memory can prevent reuse
of a recent scaffold. Medium states represent par-
tial resolution and high states represent confident,
focused continuation. Neither interface is treated
as ground truth or as a universal replacement for
the other.

3.3 Dynamic learner states (DLS)

Static conditioning assigns one descriptor to the
whole dialogue. DLS recomputes the state from
the available prefix at every student turn. Let g be
a state annotator and zt the resulting state.

zt = g(ht), yt ∼ pθ(· | ht, zt). (2)

The key restriction is causal. The annotator ob-
serves ht and never future turns. Full-dialogue de-
scriptors can otherwise leak future student behavior
or tutor scaffolds into current-turn generation. The
prefix-only path in Figure 1 makes this boundary
explicit.

Operationally, a structured annotator maps the
prefix to discrete labels. The labels are rendered
as a short state block before the next student turn
is generated. The same mechanism is used for
ATM27 and OCEAN, so the comparison isolates

representation rather than mechanics. This design
is consistent with turn-wise state tracing, knowl-
edge tracing, verification, and open learner models
(Scarlatos et al., 2025a; Wang et al., 2025; Puech
et al., 2025; Xhakaj and Verbert, 2021; Robles Mu-
cho et al., 2025). The label sequence proves that the
explicit control state changes. It does not prove re-
covery of a student’s latent cognitive state. Because
DLS adds neither a recurrent planner nor a separate
simulator, it remains portable across prompting,
SFT, and DPO. It also makes failures inspectable
at three points, state inference, state rendering, and
the generator’s use of the state.

3.4 Integration across Prompt, SFT, and DPO

Prompting inserts the state block directly into the
model context. SFT keeps the benchmark workflow
unchanged except for an optional static or dynamic
state block in the input. DPO uses the same con-
ditioning structure in the preference prompt. The
shared interface lets us test whether a representa-
tion helps before post-training, whether it remains
useful afterward, and whether turn-level updates
become redundant or destabilizing once the gener-
ator has internalized related patterns. Templates,
insertion rules, and training details are provided in
Section B.
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4 Experimental Setup

4.1 Dataset and Tasks

We evaluate on the Eedi/QATD2K tutoring-
dialogue benchmark (Eedi, 2025; Zent et al.,
2025; Scarlatos et al., 2026). QATD2K con-
tains anonymized English math tutoring dialogues
grounded in real tutoring interactions, making it a
useful test bed for student simulation. Following
the benchmark’s turn-level dialogue assembly, each
example consists of a dialogue prefix ending at a
tutor turn, and the simulator must generate the next
student turn. We therefore study turn-level student
simulation rather than full-dialogue generation.

The resulting train/validation/test split contains
1,147/382/382 dialogues and 13,079/4,439/4,225
student turns, respectively. All compared sys-
tems are evaluated on the same aligned 4,225-
turn test set from 382 dialogues. Dynamic
ATM27/OCEAN labels are constructed prefix-
only. As explicitly noted by Scarlatos et al.
(2026), their full-dialogue OCEAN baseline uses
ground-truth information unavailable at the target
turn. Following this setup, our reimplemented
static OCEAN baseline—and the analogous static
ATM27 variant—use descriptors inferred from the
full dialogue. We therefore retain both only as retro-
spective offline comparators. The appendix reports
the state distributions and annotation prompts.

Student generators use Qwen3-8B, and state an-
notations use Qwen3-4B-Instruct-2507 (Yang
et al., 2025; Qwen Team, 2025b,a). We use the
8B generator model as a practical capacity com-
pute trade-off for the full prompting/SFT/DPO
grid, and holding the generator fixed also pre-
vents backbone scale from confounding condi-
tioning effects. We selected the 4B annotator
model because pilot 8B outputs were more con-
centrated only in a few generic states across train,
validation, and test (Section C.2). As diversity
is not validity, we also conducted a coverage-
aware, single-human audit of 100 static train-
ing dialogues. Human agreement is higher for
Qwen3-4B-Instruct-2507 than Qwen3-8B on Af-
fect/Attention/Memory (κ = .710/.686/.737 vs.
.300/.478/.322) and on the full ATM27 state
(.570 vs. .181). Raw agreement and sampling de-
tails are provided in Table 7. We keep the 4B an-
notator fixed across conditions, and the same struc-
tured state format is reused in prompting, SFT, and
DPO on the 8B generator.

4.2 Metrics and Interpretation

We report the seven benchmark metrics of Scarlatos
et al. (2026): ACTS, CORRECTNESS, ERRORS,
KNOWLEDGE, COSINE SIMILARITY, ROUGE-
L, and induced TUTOR-RESPONSE fit (Scarlatos
et al., 2026; Lin, 2004; Reimers and Gurevych,
2019). The metric definitions are detailed in Ta-
ble 4. All metrics are higher-is-better. ERRORS de-
serves special care as it measures whether the sim-
ulated student reproduces the reference student’s
error pattern on turns where the real student is
wrong. It is therefore a conditional realism met-
ric, not an answer-quality penalty. The denomi-
nator also matters. On the aligned test set, 24 of
4,225 rows are skipped by the correctness and er-
ror judge path. Among the remaining 4,201 rows,
2,305 turns are usable for correctness-style evalua-
tion, and only 908 incorrect-turn cases contribute
to ERRORS. Because CORRECTNESS and ERRORS

are only defined on subsets of the aligned test set,
we interpret them jointly with the global similarity
metrics rather than as standalone rankings.

4.3 Conditioning families and Training
Protocol

We compare three training regimes. Prompt
(ZERO-SHOT, ICL, OCEAN-STATIC, OCEAN-
DLS, ATM27-STATIC, ATM27-DLS), SFT (no per-
sona plus the four persona variants), and DPO with
the same five post-trained variants. We use Qwen3-
8B throughout and keep decoding, optimization
logic, question context, target rows, and evalua-
tion fixed. SFT uses LoRA-style adaptation (Hu
et al., 2022; Dettmers et al., 2023), and DPO fol-
lows Rafailov et al. (2023) on the SFT checkpoints.
Static variants reuse one rendered full-dialogue de-
scriptor; dynamic variants append a turn-specific
prefix-only state block. Thus, OCEAN versus
ATM27 changes what is represented, while static
versus DLS changes both update timing and the
information boundary. Templates, insertion rules,
and training details appear in the appendix.

On the evaluator side, the benchmark al-
ready distills GPT-4.1-derived labels into local
Llama support models for dialogue acts and
uses learned local models for knowledge and
tutor-response scoring (Scarlatos et al., 2026).
Its published headline CORRECTNESS/ERRORS

path instead prompts GPT-5 mini. We ex-
tend the benchmark’s local-support-model
recipe to these two metrics with fine-tuned
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Static
(Normal)

one fixed
descriptor

DLS
(Dynamic)

prefix-only
updates

each turn

OCEAN
stable social persona

Target
turn Tutor (real prefix) Student prediction Gold

(Held-out)

3
Yes, Hi Liam! What’s 5 ÷ 2 = ?
5 divided by 2 is 2.5.

0.5÷2=0.10 low low low med med

5
Not quite… Do you know what the answer is to 5 ÷ 2 first?

5 ÷ 2 is 2.5. I think I messed up the decimal point. Let me try 
again.

0.3 low low low med med

7
No… it’s the same as finding half of 5. Can you work out half of 5?

I think I see. Half of 5 is 2.5, not 0.3. So maybe I should do the 
same with 0.5. Half of 0.5 is 0.25. So the answer should be D.

2.5 low low low med med

9

Great! 5 ÷ 2 = 2.5. And we want to know… 0.5 ÷ 2 = ? So, 
because 0.5 is 10 times smaller than 5… Our answer to 0.5 ÷ 2 
will be ten times smaller than the answer to 5 ÷ 2 = 2.5. Do you 
follow this?

Yes, I follow. So, if 5 ÷ 2 = 2.5, then 0.5 ÷ 2 = 0.25.

2.50 low low low med med

ATM27
turn-local learner state

A T M

3
Yes, Hi Liam! What’s 5 ÷ 2 = ?
I think it’s 2.5. But I’m not sure. Should I convert it to fractions? 0.5÷2=0.10 low med low

5
Not quite… Do you know what the answer is to 5 ÷ 2 first?

I think I need to start over. What’s 5 divided by 2?
0.3 low med low

7
No… it’s the same as finding half of 5. Can you work out half of 5?

I think it’s 2.5. So, 0.5 ÷ 2 would be half of 0.5, which is 0.25. Is 
that right?

2.5 low med low

9

Great! 5 ÷ 2 = 2.5. And we want to know… 0.5 ÷ 2 = ? So, 
because 0.5 is 10 times smaller than 5… Our answer to 0.5 ÷ 2 
will be ten times smaller than the answer to 5 ÷ 2 = 2.5. Do you 
follow this?

Yes, so if 5 ÷ 2 is 2.5, then 0.5 ÷ 2 is 0.25?

2.50 low med low

3 Yes, Hi Liam! What’s 5 ÷ 2 = ?
5 ÷ 2 = 2.5.

0.5÷2=0.10 low low low med low

5
Not quite… Do you know what the answer is to 5 ÷ 2 first?

Yes, I know. 5 ÷ 2 is 2.5.
0.3 med low low med low

7
No… it’s the same as finding half of 5. Can you work out half 
of 5?
Okay, let me think. Half of 5 is like dividing 5 by 2. So, 5 
divided by 2… Half of 5 is 2.5.

2.5 low low med low low

9

Great! 5 ÷ 2 = 2.5. And we want to know… 0.5 ÷ 2 = ? So, 
because 0.5 is 10 times smaller than 5… Our answer to 0.5 ÷
2 will be ten times smaller than the answer to 5 ÷ 2 = 2.5. Do 
you follow this?

Yes, I follow. So, if 5 ÷ 2 = 2.5, then 0.5 ÷ 2 = 0.25.

2.50 low med low med low

Target
turn

Tutor (real prefix) Student prediction Gold
(Held-out) A T M

3 Yes, Hi Liam! What’s 5 ÷ 2 = ?
5 ÷ 2 is 2.5. So, 0.5 should be 0.25, right?

0.5÷2=0.10 med low med

5
Not quite… Do you know what the answer is to 5 ÷ 2 first?

No, I’m not sure. Let me think.
0.3 med low low

7
No… it’s the same as finding half of 5. Can you work out half of 
5?

SNo, I think I need to try again. What’s half of 5?
2.5 low low low

9

Great! 5 ÷ 2 = 2.5. And we want to know… 0.5 ÷ 2 = ? So, 
because 0.5 is 10 times smaller than 5… Our answer to 0.5 ÷ 2 
will be ten times smaller than the answer to 5 ÷ 2 = 2.5. Do you 
follow this?
Yes, so 0.5 ÷ 2 would be 0.25.

2.50 med med med

Target
turn Tutor (real prefix) Student prediction Gold

(Held-out)

Target
turn Tutor (real prefix) Student prediction Gold

(Held-out)

Figure 2: Fixed-prefix next-turn comparison. Every prediction uses the same held-out real prefix and the rows are
not a free-running rollout. OCEAN versus ATM27 changes what is represented; Static versus DLS changes both
update timing and whether the descriptor uses the full dialogue or only the available prefix.

meta-llama/Llama-3.1-8B-Instruct judges
(Grattafiori et al., 2024), making every tested
condition share the same evaluator checkpoints.
The reported values therefore support controlled
comparisons under one fixed judge protocol.

5 Results

Table 1 yields quantitative and qualitative findings
on how training regime, representation, and up-
date rule jointly shape simulated-student behavior.
ATM27 and OCEAN emerge as complementary
control interfaces rather than interchangeable per-
sona labels.

5.1 Quantitative patterns
Case 1: Post-training raises the fidelity ceiling.
Across dialogue acts, knowledge, cosine similarity,
ROUGE-L, and tutor-response compatibility, SFT
and especially DPO outperform prompt-only gen-
eration. This agrees with prior student-simulation
findings (Scarlatos et al., 2026; Martynova et al.,
2025). Prompt models remain competitive on COR-
RECTNESS, but correctness alone can hide missing
hesitation, misunderstanding, or help-seeking.

Case 2: Persona conditioning is not automat-
ically better than no conditioning. The post-
trained NO-PERSONA baselines are strong. SFT
NO-PERSONA is the best knowledge model and re-
mains competitive on tutor compatibility. DPO NO-
PERSONA stays near the top overall. Persona text
helps only when it adds information the tuned gen-

erator has not internalized. Static ATM27 can add
task-relevant local state, whereas broad OCEAN
traits may become redundant or mismatched (Hu
and Collier, 2024; Luz de Araujo et al., 2026; Yuan
et al., 2026).

Case 3: ATM27 is the stronger static inter-
face in this benchmark. ATM27-STATIC beats
OCEAN-STATIC on most prompt, SFT, and DPO
metrics, most clearly after SFT. We interpret this
as a representation effect. OCEAN supports broad
social tone, while local confidence, focus, and re-
call are closer to the next tutoring response making
even a coarse ATM27 descriptor more directly ac-
tionable (Desmarais and Baker, 2012; D’Mello and
Graesser, 2012; Panadero, 2017; Yuan et al., 2026).

Case 4: DLS is regime-dependent, not a uni-
versal add-on. In prompting, ATM27-DLS is
the strongest controller because its state block di-
rectly guides whether the next reply is confident,
distracted, stuck, or forgetful. The same update
is less useful for OCEAN, whose traits are less
tied to the immediate tutoring move. After post-
training, the pattern partly reverses. OCEAN-
DLS can rescue brittle OCEAN-STATIC behavior,
whereas ATM27-DLS can over-constrain a genera-
tor that has internalized short-horizon ATM27-like
cues (Li et al., 2016; Zhang et al., 2018; Rafailov
et al., 2023; Yuan et al., 2026). We treat this as a
mechanism hypothesis, rather than a causal con-
clusion, consistent with the transition evidence in
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Table 1: Main Qwen3-8B student-simulation results using Llama-based evaluation judges. Best result within each
stage is bolded.

Method Acts Corr. Errors Knowledge Cos. Sim. ROUGE-L Tutor Resp.

Prompting Methods

ZERO-SHOT 0.5308 0.8955 0.0562 0.7895 0.4728 0.1255 0.1731
ICL 0.4863 0.7223 0.0760 0.7739 0.4811 0.1051 0.1690
OCEAN-STATIC 0.5276 0.8898 0.0562 0.7905 0.4859 0.1301 0.1730
OCEAN-DLS 0.5164 0.8432 0.0507 0.7845 0.4560 0.1299 0.1749
ATM27-STATIC 0.5156 0.8411 0.1101 0.8046 0.5004 0.1383 0.1736
ATM27-DLS 0.5385 0.9012 0.0529 0.7991 0.5549 0.1856 0.1783

Supervised Fine-Tuning (SFT)

NO-PERSONA 0.6126 0.7309 0.1553 0.8727 0.7123 0.2880 0.1886
OCEAN-STATIC 0.5437 0.5841 0.3348 0.8721 0.7097 0.2606 0.1876
OCEAN-DLS 0.6163 0.7738 0.1894 0.8684 0.7076 0.2872 0.1878
ATM27-STATIC 0.6185 0.7810 0.1806 0.8721 0.7138 0.2957 0.1879
ATM27-DLS 0.6061 0.7487 0.2048 0.8691 0.7053 0.2640 0.1888

Direct Preference Optimization (DPO)

NO-PERSONA 0.6474 0.8289 0.0562 0.8760 0.7241 0.3056 0.1911
OCEAN-STATIC 0.6436 0.8676 0.0562 0.8710 0.7157 0.3039 0.1894
OCEAN-DLS 0.6479 0.8182 0.0507 0.8776 0.7245 0.3003 0.1915
ATM27-STATIC 0.6557 0.8654 0.0518 0.8773 0.7242 0.3175 0.1904
ATM27-DLS 0.6296 0.7810 0.0606 0.8770 0.7185 0.2855 0.1909

Table 2: Use-case-specific simulator selection. Each row reports the single configuration with the highest observed
point estimate for that objective. These are objective-specific selections rather than a global ranking. Static
configurations are retrospective full-dialogue comparators and should be used for offline analysis only.

Use case Highest observed
configuration

Evidence Why use it

Help-seeking and uncertainty Prompt ATM27-DLS Uncertainty score: 2.149 Produces the strongest observed uncertainty and help-seeking
behavior while using prefix-only dynamic states.

Correctness-state fidelity Prompt ATM27-DLS CORRECTNESS: .9012 Provides the highest match to the reference student’s answer-
correctness state.

Misconception stress testing SFT OCEAN-STATIC ERRORS: .3348 Most strongly reproduces the reference student’s error family,
although its lower CORRECTNESS (.5841) must be taken into
consideration alongside this result.

Social-tone preservation DPO ATM27-DLS Social-tone score: 2.448 Achieves the highest observed social-tone composite on
reference-social turns.

Dialogue-act matching DPO ATM27-STATIC ACTS: .6557 Best preserves the dialogue function of the reference student
response.

Knowledge-acquisition fidelity DPO OCEAN-DLS KNOWLEDGE: .8776 Produces the highest match to the benchmark’s inferred
student-knowledge state.

Semantic response similarity DPO OCEAN-DLS Cosine similarity: .7245 Provides the highest embedding-based semantic similarity to
the reference student turn.

Lexical response fidelity DPO ATM27-STATIC ROUGE-L: .3175 Most closely preserves the reference response’s lexical con-
tent and sequence.

Tutor-response compatibility DPO OCEAN-DLS Tutor response: .1915 Most strongly induces a tutor response compatible with the
response following the real student turn.

Section E.

5.2 Qualitative Patterns
Figure 2 shows how the four conditioning vari-
ants differ under a shared dialogue prefix. For
the qualitative checks, we use transparent prox-
ies for uncertainty, social tone, dynamic motion,
and misconception-family errors. A separate hu-
man audit of the six proxy primitives on 100 turns
found substantial agreement overall (macro/micro
κ = .610/.653), although agreement was lower for
the uncertainty (.551) and social (.520) cues that
carry much of the qualitative interpretation. We
therefore use these proxies as transparent surface
diagnostics and anchor their aggregate patterns in

the examples provided in Section D, rather than
treating lexical matches as semantic judgments.

Case 1: ATM27 captures local uncertainty bet-
ter. On uncertain or help-seeking turns, ATM27
more often preserves compact, student-like uncer-
tainty. It asks for help, reports confusion, or tenta-
tively checks an answer, while OCEAN more often
starts solving or expands into assistant-like expla-
nation. A tutor should respond differently to “I do
not know” than to a simulator that has performed
part of the tutoring. Figure 4 and Table 13 show the
clearest pattern in prompt and DPO settings. SFT
compresses many replies into short templates and
narrows the difference.
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Case 2: OCEAN can preserve stable social tone
better. Some student behavior reflects stable con-
versational style rather than local cognitive state.
For greetings, thanks, polite closure, and coopera-
tive acknowledgements, OCEAN often preserves
the social move while ATM27 may continue cal-
culation or become over-local. The interfaces are
therefore complementary. ATM27 provides a turn-
local representation of inferred learner state, and
OCEAN preserves some stable social cues in our
qualitative analysis. Figure 5 and Table 15 show
the strongest OCEAN advantage in prompt and
SFT settings. DPO with DLS is mixed because
preference optimization shortens both families into
compact acknowledgements.

6 Discussion

Objectives select the simulator. Table 2 is
the practical contribution of the evaluation grid.
Prompt ATM27-DLS is strongest for help-seeking
and answer-correctness fidelity, SFT OCEAN-
STATIC is most useful for misconception stress
testing, and the DPO variants dominate several
dialogue, knowledge, semantic, lexical, and tutor-
response objectives. A collapsed average would
hide these deployment-relevant choices, so simu-
lator selection should follow the behavior being
evaluated rather than an overall score.

DLS makes state motion auditable. In the
aligned test split, ATM27-DLS visits all 27
ATM27 states and 62.4% of adjacent labels change,
whereas static ATM27 covers 18 states. Table 19
links state changes to help-seeking, answer selec-
tion, apology, and closure. Even when ATM27-
DLS drops after post-training, its trace localizes
failure to state inference, rendering, or generation
rather than hiding it inside one descriptor.

ERRORS must be read with fidelity. High ER-
RORS can identify misconception families for tutor
tests, but also reward a simulator that is simply of-
ten wrong. So, we pair it with correctness and the
other global similarity metrics for proper interpre-
tation. Figure 6 and Table 21 show this contrast:
SFT OCEAN-STATIC compromises correctness
for same-error similarity, while prompt ATM27-
DLS compromises error matching instead.

Training changes how side information is used.
Prompted ATM27-DLS is directly action-guiding,
while SFT can internalize short student patterns and
make dynamic state text redundant or noisy. DPO

separates the objectives again. Side information
can therefore be a scaffold in one regime and a
distraction in another (Rafailov et al., 2023; Lee
et al., 2026; Puech et al., 2025; Purkayastha, 2026).
Determining whether this reflects internalization,
redundancy, or noise requires targeted ablations.

Agent evaluation requires the right informa-
tion boundary. The simulated student is part
of the tutor agent’s environment. Retrospective
static descriptors remain useful for offline diagno-
sis, but they are not causally available online - only
DLS and no-persona rows (except ICL) satisfy that
boundary here. A future hybrid could combine a
slow profile with fast ATM27 states, provided both
are inferred from past interaction only.

7 Future Work

Future work should extend ATM27 and proxy
judgments to multiple educators and prevalence-
sampled turns, incorporate multimodal evidence,
and combine fast-changing learner states with
slower interpersonal style. It should test trans-
fer across subjects, benchmarks, simulator fami-
lies, and simpler controls such as engagement or
knowledge-state flags. Prefix-only traces could sup-
port slice audits and open learner models; the key
test is whether they change tutor selection or policy
outcomes under expert, classroom, and real-learner
evaluation (Yuan et al., 2026; Scarlatos et al., 2026;
Bull and Kay, 2010; Xhakaj and Verbert, 2021;
Robles Mucho et al., 2025; Böck et al., 2025; Weit-
ekamp et al., 2025).

8 Conclusion

DYSAS reframes simulated students as auditable
components of tutor evaluation rather than static
persona generators. On this benchmark, ATM27 is
generally more task-aligned than OCEAN, while
OCEAN better preserves some stable social be-
haviors. DLS adds prefix-only, turn-level state
updates that make simulator behavior inspectable
and avoid future leakage, but it does not produce
uniform gains across prompting, SFT, DPO, or all
evaluation metrics. The main result is therefore not
one universally best simulator. It is a controlled
framework for selecting and auditing simulators
according to the educational behavior being tested.
This supports clearer diagnosis, structured stress-
testing, and safer offline iteration before evaluation
with real learners (Scarlatos et al., 2026; Yuan et al.,
2026; Weitekamp et al., 2025).
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Limitations

We evaluate one tutoring benchmark, one dialogue
domain, and one generator family, so the findings
establish useful control abstractions rather than a
cognitive theory. ATM27 compresses strategy, en-
gagement, knowledge uncertainty, and other causes
of similar surface behavior into discrete states and
does not capture multimodal learner signals, which
limits state identifiability. Different annotators also
recover different normalized state distributions, so
DYSAS treats inferred states as visible control as-
sumptions rather than learner ground truth. More-
over, the human audit covers static full-dialogue
ATM27 annotations rather than prefix-only DLS
labels. Single-evaluator audits and multi-metric
analysis support the reported within-benchmark
comparisons, but automatic metrics and qualitative
proxies cannot fully assess uncertainty, social ap-
propriateness, or misconception fidelity. Thus, sim-
ulated students do not replace real learners, teacher
judgment, or classroom evaluation (Scarlatos et al.,
2026; Martynova et al., 2025; Yuan et al., 2026;
Weitekamp et al., 2025), and broader generaliza-
tion requires replication across domains, genera-
tor families, and real learning settings. The study
therefore establishes a reproducible framework for
selecting and diagnosing student simulators, with
external validation as the next step.

Ethical Considerations

Leakage-free offline evaluation is a trustworthi-
ness requirement. Simulated students do more
than reduce experimental cost. They shape which
tutors appear safe enough to advance to human
studies. A simulator should therefore not use future
turns to decide current learner behavior. Prefix-only
DLS does not guarantee realism, but it removes an
avoidable source of optimism and makes the condi-
tioning signal causal with respect to the dialogue
prefix; full-dialogue static descriptors do not satisfy
this online boundary (Yuan et al., 2026; Scarlatos
et al., 2026).

Student simulation should remain multi-
objective. Prompt models can look strong on
Correctness while remaining weak on Acts, lan-
guage matching, and tutor-response compatibility.
Post-trained systems can improve dialogue fidelity
while losing some correctness. Safer offline tutor
development should expose these trade-offs rather
than hide them in one score. This is especially

important for ERRORS because it uses a smaller
subset and can reward locally plausible but glob-
ally unresolved behavior.
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A Appendix Overview

This appendix has five parts. Section B documents
the conditioning families, data splits, prefix-only
algorithm, and metric meanings. Section C.2 gives
the complete shared 4B/8B annotation protocol,
distribution study, production-model rationale, and
single-human state-label audit. Section D expands
the qualitative audit with proxy definitions, a sepa-
rate single-human proxy validation, selected charts,

and compact mapped examples. Section E gives the
state-motion analysis, including transition rates and
a turn-level trace. Section F separates correctness
from same-error realism and gives the corrected
trade-off figure plus a table of exact readings.

B Experimental Protocol and
Conditioning Families

B.1 Prefix-only dynamic conditioning

The central leakage-control rule for DLS is that
the simulator may condition on the dialogue prefix
only. For a target student turn, the state estima-
tor receives the question context and real dialogue
turns before that student turn, but it never sees the
target response or later tutor scaffolding. The gen-
erated response is evaluated against the held-out
real turn, and the next target is built independently
from its real prefix rather than from a free-running
rollout. The reimplemented static baselines are dif-
ferent: they use one full-dialogue descriptor and are
retained only as retrospective offline comparators.

Line 4 is the only state-inference step. Because
ht stops before the target student turn, it enforces
the information boundary that a deployed tutor
would face. Each prediction uses its held-out real
prefix; generated turns are not appended to later
evaluation contexts. The algorithm is agnostic to
whether the state vector is ATM27 or OCEAN.

B.2 Dataset splits and metric applicability

“Dialogues” counts unique tutoring conversations.
“Student turns” counts the number of target stu-
dent responses that can be generated from prefixes.
“Evaluated turns” is the row count used for vali-
dation or test scoring. Correctness-style metrics
are not defined for every row: in the aligned test
set, 2,305 rows have a judgeable correctness target
and 908 rows are incorrect-turn cases where ER-
RORS is defined. This is why the main paper treats
ERRORS as conditional evidence rather than as a
global quality score.

B.3 Metrics and what each score signifies

Table 4 explains why the main results are multi-
objective. A simulator can score well on surface
similarity while smoothing away uncertainty, or it
can score well on ERRORS because it stays wrong
too often. The qualitative audit exists to connect
these aggregate scores back to observable student
behaviors.
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Algorithm 1 Prefix-only Dynamic Learner State (DLS) student simulation

Require: Dialogue dataset D with turn segmentation; state estimator g; student model π.
1: for dialogue d ∈ D do
2: for student turn index t = 1, 2, . . . do
3: Build prefix prompt ht from the question context and all dialogue turns before student turn t.
4: Infer state ŝt ← g(ht). {infer ATM27 or OCEAN from prefix only}
5: Cache (d, t, ŝt) for the corresponding turn.
6: Build generation prompt pt ← Format(ht, ŝt).
7: Generate simulated student turn ût ∼ π(· | pt).
8: Score ût against held-out real turn ut.
9: end for

10: end for

Table 3: Aligned data split and metric applicability. Turn counts are student-turn examples used by the simulator.

Split Dialogues Student turns Evaluated turns Avg. student turns/dialogue

Train 1,147 13,079 – 11.40
Validation 382 4,439 4,439 11.62
Test 382 4,225 4,225 11.06

B.4 Training and decoding details
SFT and DPO follow the benchmark’s overall work-
flow. SFT is trained for three epochs with learning
rate 5× 10−5, LoRA rank 32, and maximum input
length 6000. DPO starts from the corresponding
SFT checkpoint, uses β = 0.1, and optimizes pref-
erence triples built from the same state-conditioned
prompt scaffold. Comparisons keep the generator
family, question context, evaluation prefixes, target
rows, and evaluator fixed. The side information
and, for static versus DLS, its information bound-
ary differ as documented above.

C Annotation Methodology

C.1 ATM27 Operational Semantics
The ATM27 rubric is grounded in achievement-
emotion and affective-tutoring research (Pekrun,
2006; Baker et al., 2010; Pekrun, 2024), attention
and engagement research (Posner and Petersen,
1990; Schultz and Arroyo, 2014), and working-
memory and cognitive-load accounts (Baddeley,
1992, 2003; Sweller, 1988). These sources moti-
vate the operational axes but do not establish the
labels as latent psychological ground truth.

C.2 Shared 4B/8B Annotation Protocol and
Selection

The 4B and 8B static files use the same
ATM27 axis schema, have identical ordered di-
alogue keys, and preserve identical row-specific
question/dialogue inputs for all 1,182/394/395

train/validation/test dialogues. Because raw se-
rialization compliance could differ, we compare
recovered axis values after the same normaliza-
tion and ignore model-emitted state IDs. For
ATM27, a normalized state is the ordered triple
(Affect,Attention,Memory) with each value in
{low, med, high}. The main pipeline uses the 4B an-
notator because its recovered states are broader and
less concentrated than the 8B pilot outputs, and the
human audit below provides a second comparison
on matched dialogues.

In Figure 3, the left panel reports coverage: how
many of the 27 possible ATM27 triples appear
after normalization. The right panel reports con-
centration: how much mass is assigned to the single
most frequent state. Lower coverage and higher
top-state share mean the state signal is less diverse.
Across train/validation/test, 4B recovers 22/20/19
states with entropy 2.61/2.65/2.68 and top-state
shares 43.2%/40.9%/42.7%; 8B recovers 17/16/14
states with entropy 2.14/2.08/2.15 and top-state
shares 62.2%/64.7%/59.5%. Thus, 8B is consis-
tently more concentrated under the same protocol.

Table 6 gives the full numerical comparison.
“Rows” is the number of raw dialogue-level an-
notations; “Norm.” is the subset with a recovered
ordered triple. Entropy summarizes the full state
distribution. The raw annotation audit precedes
benchmark alignment, so its 395 test rows and 19
recovered 4B states differ from the aligned 382-
dialogue evaluation, where static ATM27 covers
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Table 4: Metric definitions used to interpret the main table. All metrics are higher-is-better, but they do not measure
the same kind of realism.

Metric What is compared Interpretation and caveat

ACTS Dialogue-act category of
generated turn versus reference
turn

Measures whether the simulator performs the same conversational function, such as answer, help
request, acknowledgement, or off-topic move. High acts fidelity can still miss the exact content.

CORRECTNESS Correctness state of generated
answer versus reference
correctness state

Captures whether the simulator is right or wrong in the same way at the answer-status level. It
does not by itself tell whether a wrong answer comes from a realistic misconception.

ERRORS Error pattern on rows where the
reference student is wrong

Conditional same-error realism. Useful for misconception stress tests, but sparse and easy to
misread if a model is broadly too wrong.

KNOWLEDGE Knowledge-component / skill
alignment of the generated
response

Measures whether the response stays in the same math-skill neighborhood. This supports tutor-
response realism but is not a substitute for correctness.

COSINE SIMILARITY Sentence-embedding similarity
between generated and reference
turns

Captures semantic closeness. It can reward paraphrases but may overlook short social cues or
small numerical errors.

ROUGE-L Longest-subsequence lexical
overlap

Captures surface wording similarity. It is helpful for compact student turns but should not
dominate educational interpretation.

TUTOR RESPONSE Compatibility of the tutor
response induced by the
generated student turn

Measures Inverse Perplexity score to determine whether the generated turn would lead to a tutor
response similar to the reference continuation. This is the most downstream-facing metric in the
table.

Table 5: Unified operational semantics and prefix-only inference rubric for ATM27. Each axis is defined through
dialogue-facing control states rather than psychometric measurement. The cues are grounded in achievement
emotions, attention, and working-memory/load theory (Pekrun, 2006; Posner and Petersen, 1990; Baddeley, 1992;
Sweller, 1988).

Axis Meaning Low Medium High

Affect (A) emotional confidence
/ engagement

anxious, low confidence
(“I don’t know”, gives up,
reassurance-seeking)

neutral, mildly uncertain
(continues with occasional check-
ing)

confident, persistent
(decisive answers, self-corrects)

Attention (T ) task focus / tracking distracted, off-task
(answers wrong question, skips
steps)

mostly on-task
(minor drift, partial alignment)

fully focused
(follows instruction precisely)

Memory (M ) recall of prior context forgetful, inconsistent
(contradictions, repeats questions)

partial recall
(some reuse, occasional slips)

strong recall
(consistent reuse, no contradic-
tions)

18 states (Table 16). Broader coverage and lower
concentration motivated the 4B production choice;
these are control-signal properties rather than stan-
dalone evidence of label validity.

C.3 Single-human audit of static ATM27
labels

One human evaluator applied the same full-
dialogue rubric to a stratified subset of 100 static
training dialogues from the 866-dialogue popula-
tion with valid matched 4B/8B annotations. Sam-
pling used the 21 observed 4B state triples as
strata where each stratum received one dialogue,
and the remaining 79 slots were allocated approxi-
mately in proportion to the residual stratum sizes
using Hamilton allocation. Dialogues within each
quota were selected without replacement by a fixed
seeded hash ranking. This preserves the dominant
population strata while ensuring that rare states re-

main represented. The human information bound-
ary was the question plus the complete authentic
dialogue.

Table 7 provides a matched human comparison:
4B has higher κ and raw agreement than 8B on all
three axes and on the full ATM27 state, with the
strongest 4B axis agreement on Memory. Together
with the distribution study, this supports using 4B
as the production annotator in this pipeline only -
it does not establish general model-size superiority.
The generated-turn proxy audit in Section D.2 is a
separate study with a different sample and informa-
tion boundary.

C.4 Agreement diagnostics

For each axis, unweighted nominal Cohen’s
κ = (Po − Pe)/(1 − Pe), where Po is exact
raw agreement and Pe =

∑
i p

(human)
i p

(model)
i

is agreement expected from the two empirical
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Figure 3: ATM27 diversity from static annotations. Left: number of distinct normalized ATM27 states. Right:
share of the most common normalized state.

Table 6: Recovered static ATM27 state diversity from raw 4B and 8B annotations. “Norm.” is the number of rows
from which an ordered Affect/Attention/Memory state was recovered. Entropy is Shannon entropy over normalized
states; higher means less concentration.

Annotator Split Rows Norm. States Entropy Top state Top count Top share

Train 1,182 1,123 22 2.61 high/high/high 485 43.2%
4B Val 394 369 20 2.65 high/high/high 151 40.9%

Test 395 375 19 2.68 high/high/high 160 42.7%

Train 1,182 1,182 17 2.14 high/high/high 735 62.2%
8B Val 394 394 16 2.08 high/high/high 255 64.7%

Test 395 395 14 2.15 high/high/high 235 59.5%

marginals. The full-state row treats each ordered
Affect/Attention/Memory tuple as one of 27 nomi-
nal categories and uses exact tuple matching. Ta-
bles 7 and 8 report Po, Pe, and nominal κ directly
for the audit.

For class i, precision is the diagonal cell divided
by the corresponding model-column total, recall is
the diagonal cell divided by the human-row total,
and F1 is their harmonic mean. Linear ordinal κ
uses disagreement dij = |i − j|/2; quadratic κ
uses dij = (i− j)2/4. These secondary measures
preserve the same descriptive ordering: 4B exceeds
8B on all three axes. They do not convert one
human evaluator into inter-rater validation.

The paired counts favor 4B on every reported
unit, but because the audit was selected through 4B-
defined strata and used one label-blind human eval-
uator, these tests and design-weighted estimates
are sensitivity checks rather than population-wide
proof of 4B superiority.

C.5 Policy Definitions
Judge boundary. The work uses
Qwen3-4B-Instruct-2507 as a structured
annotator. For DLS, it receives only the question
context and allowed dialogue prefix; for reim-
plemented static conditions, it receives the full
dialogue as documented. It then returns a discrete
JSON state. The main benchmark metrics in

Table 1 use the benchmark’s local judge/evaluator
family and are reported as aggregate similarities.
The additional qualitative columns in Tables 12,
14 and 18 are deterministic probes over text and
cached states. Therefore there is no hidden GPT
call that directly decides “ATM27 beats OCEAN”
for Case 1 or Case 2. Each candidate response
is scored independently by the rules below; the
pairwise comparison is simply the difference
between the two deterministic scores on the same
row.

State-annotation input boundary. Static an-
notation uses the full dialogue available for the
dialogue-level descriptor. DLS annotation uses
the prefix ending immediately before the target
student turn. In both cases, the row-specific user
content has the following structure: Question:
with the item text, answer choices, correct answer,
solution, and option explanations when present;
then Conversation History: with numbered tu-
tor/student turns up to the permitted boundary. For
DLS, this means the real target student turn and all
later turns are excluded.

Human-audit manual (complete displayed text).
The following reproduces, in original order and
wording, every Section/Protocol entry displayed to
the human evaluator. Section labels are separated
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Table 7: Single-human agreement with 4B and 8B annotations on the same 100 static training dialogues (n = 100
for every row). Cohen’s κ is unweighted nominal agreement over low/med/high for each axis and over the 27
possible Affect/Attention/Memory triples for the full state; raw agreement is the exact label or tuple match.

Unit 4B κ 4B agree. 8B κ 8B agree.

Affect .710 83% .300 61%
Attention .686 88% .478 81%
Memory .737 87% .322 66%

Full ATM27 state .570 66% .181 41%

Table 8: Unweighted agreement diagnostics. Cohen’s κ measures nominal chance-corrected agreement. Macro-F1
averages class F1 equally, and balanced accuracy averages class recall equally.

Model Unit Po Pe κ Macro-F1 Bal. acc.

4B Affect .8300 .4139 .7099 .7873 .8157
4B Attention .8800 .6183 .6856 .7541 .7692
4B Memory .8700 .5048 .7375 .8207 .7907
4B Full state .6600 .2097 .5698 – –

8B Affect .6100 .4428 .3001 .5277 .5472
8B Attention .8100 .6357 .4785 .5996 .7038
8B Memory .6600 .4988 .3216 .5062 .5947
8B Full state .4100 .2795 .1811 – –

from their protocol cells with a colon below; line
wrapping is typographic. The manual supplied the
complete authentic dialogue, not a DLS prefix, for
this static audit.

Purpose:
You are analyzing a dialogue between a student and a math

tutor.↪→
Your job: classify the student's learner state along three

axes:↪→
Affect (confidence/anxiety), Attention (focus/drift), Memory
(in-dialogue recall/consistency).
IMPORTANT: This is NOT long-term personality. Judge only from

this dialogue.↪→

Input scope:
Static annotation uses the full dialogue available for the

dialogue-level↪→
descriptor. DLS annotation uses the prefix ending immediately

before the↪→
target student turn.

Workflow:
First provide reasoning about the student's behavior with

respect to the↪→
ATM27 model.
Then determine if the student's expression of each trait is

low, med, or high.↪→
Base your reasoning only on the dialogue provided.

Affect — low:
frequent anxiety/hedging or reassurance-seeking. Indicators (2+

=> low):↪→
* "I don't know", "I'm confused", "sorry", repeated

uncertainty↪→
* asks for reassurance ("is this right?") repeatedly
* avoids committing to an answer or quickly gives up

Affect — high:
confident, decisive, self-assured. Indicators (2+ => high):

* states answers confidently without excessive hedging
* persists through mistakes calmly
* corrects self without asking reassurance

Affect — med:
mixed/neutral: some uncertainty but continues and engages;

not strongly low or high.

Attention — low:
frequent drift / not following the last instruction. Indicators

(2+ => low):↪→
* answers unrelated to tutor's last question / ignores

requested step↪→

* jumps randomly between steps, repeated off-task talk
* needs repeated refocusing to continue the same subproblem

Attention — high:
consistently follows tutor's last request, stays on task.

Indicators (2+ => high):↪→
* answers the asked question directly, step-by-step when

requested↪→
* acknowledges corrections and continues the same thread
* minimal irrelevant chatter

Attention — med:
occasional slips but mostly stays on task; needs at most

occasional refocusing.↪→

Memory — low:
forgets earlier facts/steps used minutes earlier. Indicators

(2+ => low):↪→
* contradicts their own earlier stated values/definitions
* repeats questions already resolved ("what was the formula

again?")↪→
* fails to reuse earlier intermediate results even after

tutor reminders↪→

Memory — high:
consistent recall and reuse. Indicators (2+ => high):

* references earlier steps/values correctly ("we already
found...",↪→

"as before...")
* applies the same method consistently across turns
* few contradictions

Memory — med:
remembers most, occasional slips, but recovers quickly when

reminded.↪→

Tie-break rules:
- If indicators match both low and high, choose med.
- If evidence is weak/unclear, default to med.

Allowed values:
Allowed values are only: low, med, high.

ATM27 ID:
Compute atm27_id using: idx = affect*9 + attention*3 + memory
(low=0, med=1, high=2), format as "atm27_idx:02d".

Retained DLS model annotation instruction
(verbatim). The literal instruction below is pre-
served for the DLS annotation script. The static
4B/8B pilot files preserve identical row-specific
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Question: and Conversation History: in-
puts. The implementation uses the strings “per-
sona” and “ATM”; these refer to the same Af-
fect/Attention/Memory axes called ATM27 in this
paper. The row-specific content stopped at the full-
dialogue boundary for static annotation or the per-
mitted prefix boundary for DLS.

You are analyzing a dialogue between a student and a math
tutor.↪→

Your job: classify the student's persona along three axes:
Affect (confidence/anxiety), Attention (focus/drift), Memory
(in-dialogue recall/consistency).

IMPORTANT: This is NOT long-term personality. Judge only from
this dialogue.↪→

Define levels using these criteria:

AFFECT (confidence/anxiety while solving)
- low: frequent anxiety/hedging or reassurance-seeking.

Indicators (2+ => low):↪→
* "I don't know", "I'm confused", "sorry", repeated

uncertainty↪→
* asks for reassurance ("is this right?") repeatedly
* avoids committing to an answer or quickly gives up

- high: confident, decisive, self-assured. Indicators (2+ =>
high):↪→

* states answers confidently without excessive hedging
* persists through mistakes calmly
* corrects self without asking reassurance

- med: mixed/neutral: some uncertainty but continues and
engages;↪→

not strongly low or high.

ATTENTION (on-task focus to tutor's most recent request)
- low: frequent drift / not following the last instruction.

Indicators (2+ => low):↪→
* answers unrelated to tutor's last question / ignores

requested step↪→
* jumps randomly between steps, repeated off-task talk
* needs repeated refocusing to continue the same subproblem

- high: consistently follows tutor's last request, stays on
task. Indicators↪→

(2+ => high):
* answers the asked question directly, step-by-step when

requested↪→
* acknowledges corrections and continues the same thread
* minimal irrelevant chatter

- med: occasional slips but mostly stays on task; needs at most
occasional↪→

refocusing.

MEMORY (working memory within the dialogue)
- low: forgets earlier facts/steps used minutes earlier.

Indicators (2+ => low):↪→
* contradicts their own earlier stated values/definitions
* repeats questions already resolved ("what was the formula

again?")↪→
* fails to reuse earlier intermediate results even after

tutor reminders↪→
- high: consistent recall and reuse. Indicators (2+ => high):

* references earlier steps/values correctly ("we already
found...",↪→

"as before...")
* applies the same method consistently across turns
* few contradictions

- med: remembers most, occasional slips, but recovers quickly
when reminded.↪→

Tie-break rules:
- If indicators match both low and high, choose med.
- If evidence is weak/unclear, default to med.

First provide reasoning about the student's behavior with
respect to the ATM↪→

model. Then, determine if the student's expression of each
trait is **low**,↪→

**medium**, or **high**. Base your reasoning only on the
dialogue provided.↪→

In your final answer, Return ONLY a JSON object with this exact
schema:↪→

{

"reasoning": "...",
"affect": "low|med|high",
"attention": "low|med|high",
"memory": "low|med|high"

}

Rules:
- Allowed values are only: low, med, high.
- Output valid JSON only. No prose, no <think>, no extra text.

OCEAN annotation instruction. The OCEAN
annotator uses the same row-specific question and
prefix boundary but a five-axis trait schema. The
output values are low, med, or high.

You are analyzing a dialogue between a student
and a math tutor. Your task is↪→

to assess the student's personality based on the
OCEAN model, also known as↪→

the Big Five Traits.

OCEAN Traits Description:
- Openness to Experience: curiosity, creativity,

willingness to try new things,↪→
and openness to new ideas and experiences.

- Conscientiousness: organization, diligence,
responsibility, and reliability↪→

in approaching tasks.
- Extraversion: how outgoing, energetic, and

socially confident the student appears.↪→
- Agreeableness: friendliness, cooperativeness,

compassion, and willingness to collaborate.↪→
- Neuroticism: emotional stability, tendency to

experience negative emotions such as↪→
anxiety, moodiness, or vulnerability to stress.

First provide reasoning about the student's
behavior with respect to the OCEAN model.↪→

Then determine if the student's expression of
each trait is high, med, or low.↪→

Base your reasoning only on the dialogue
provided. In your final answer,↪→

output your results as a JSON object with the
following template:↪→

{
"reasoning": "...",
"Openness": "low|med|high",
"Conscientiousness": "low|med|high",
"Extraversion": "low|med|high",
"Agreeableness": "low|med|high",
"Neuroticism": "low|med|high"

}

Generation state renderer. After annotation, the
simulator never sees the annotator reasoning. As an
example, we have shown for ATM27 the rendered
state block below, similar is the case for OCEAN
as well. In DLS, the block is inserted as a sepa-
rate user message after the dialogue prefix using
[STATE sN], where N is the one-based student-turn
index. This separation is important for reproduc-
tion because dynamic states are not merged into
the original static persona header.

Student Persona (follow strictly; do NOT mention
these labels):↪→

- Affect: <level> (<description>)
- Attention: <level> (<description>)
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- Memory: <level> (<description>)
Constraints: sound like a real student; keep

replies short (1-2 sentences) unless asked;↪→
if unsure, state uncertainty briefly or ask one

clarifying question; do not output↪→
hidden reasoning.

[STATE sN]
<persona text for the current student turn>

D Qualitative Audit Methodology

D.1 Proxy definitions
The qualitative audit applies deterministic slice
functions to the reference turn and to each gen-
erated turn, then compares ATM27 and OCEAN
within the same stage, update strategy, dialogue key,
and target turn. To ensure systematic coverage, we
utilized GPT-5.5 Pro-assisted passes to identify
candidate audit conditions, with the final extrac-
tion and analysis pipeline implemented via Python
utilities. This design follows the rubric-explicit
evaluation principle used in recent LLM-as-judge
work, but keeps the qualitative slices auditable and
version-stable as the same cue list and formula al-
ways returns the same score (Liu et al., 2023; Zheng
et al., 2023; Ye et al., 2024). These deliberately
broad cues—for example, any question mark for
uncertainty and tokens such as yes, no, or ok for
social tone—measure surface behavior rather than
semantic realism. Section D.2 tests these printed
primitives against one evaluator on a retained diag-
nostic sample; it does not turn them into semantic
ground truth.

Cue dictionaries and exact binary rules.
uncertain(x) is true if the normalized text con-
tains at least one of: dont know, don’t know,
idk, not sure, unsure, confused, stuck, lost,
help, explain, what do you mean, i dont
understand, i don’t understand, can you,
could you, or ?. question(x) is true if the
text ends in a question mark or begins with what,
how, why, can, could, is, does, which, or so
is. social(x) is true if the text contains a
greeting, thanks, acknowledgement, or closure
cue: hi, hello, hey, thanks, thank you, thx,
please, ok, okay, oh ok, great, cool, yes, yeah,
yep, no, bye, see you, :). brief(x,r) is true
when tokens(x) ≤ max(12, 1.5*tokens(r)).
compact(x,r) is true when tokens(x)≤ max(10,
1.5*tokens(r)). tutorlike(x) is true when
tokens(x) >= 35, or when tokens(x) >= 18
and the text contains an instructional marker such
as to solve, first, next, therefore, we need,

let’s, the formula, because, or step. These
markers intentionally penalize long explanations
in the qualitative audit because the target role is a
student, not a tutor.

Pairwise comparison rule. For a fixed row i,
stage g ∈ {Prompt, SFT,DPO}, and update type
u ∈ {static, DLS}, let xATM27

i,g,u and xOCEAN
i,g,u be

the generated student turns. The reported ATM27
and OCEAN scores are means of U(·) or S(·) over
the relevant reference slice. Here U(x) denotes the
deterministic local-uncertainty raw score assigned
to generated turn x, and S(x) denotes the determin-
istic social-tone raw score assigned to generated
turn x; both are sums of binary indicator tests de-
fined in Table 9. The “Delta” column in Table 12 is
U(xATM27) − U(xOCEAN). The “O-A delta” col-
umn in Table 14 is S(xOCEAN) − S(xATM27). A
row is an ATM27 win if the ATM27 raw score is
strictly larger than the OCEAN raw score on that
same row, and an OCEAN win if the reverse holds;
ties are counted in neither win column. “All-turn
match” is not the slice score: it is the percentage
over all aligned test turns for which the candidate’s
binary cue indicator equals the reference cue indica-
tor. After pairing, some prompt-static outputs were
missing or unusable due to schema normalization
issues, giving smaller n in those two rows; they
are excluded pairwise. We therefore interpret only
within-row ATM27–OCEAN deltas, not absolute
differences across rows with different denomina-
tors.

D.2 Single-human validation of the proxy
layer

Sampling and information boundary. One
evaluator reviewed 100 generated candidate
turns, yielding 600 binary judgments over
uncertain, question, social, brief, compact,
and tutorlike. The coverage-enriched sample
spans all 12 Prompt/SFT/DPO × static/DLS ×
ATM27/OCEAN cells, with 7–10 turns per cell.
It was designed to expose cue behavior rather than
reproduce population prevalence, so the estimates
below are unweighted diagnostic-sample results.
For the initial review, the evaluator saw the ques-
tion, held-out reference student turn, and candidate
turn, but not the automatic labels, evidence strings,
keyword dictionaries, thresholds, prior human la-
bels, or result sheets. Every judgment includes a
turn-specific reason. The audit has one evaluator
and therefore measures proxy–human alignment,
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Table 9: Deterministic qualitative proxy definitions. Scores are raw rubric totals with explicit ranges; normalized
values, when needed for cross-proxy comparison, are obtained by dividing by the maximum listed in the “Range”
column.

Case Row subset Range Raw score What the proxy signifies

Local uncertainty Reference turn has
uncertainty/help cue

0–4 U(x) =
⊮[uncertain(x)] + ⊮[question(x)] +
⊮[brief(x, r)] + ⊮[¬tutorlike(x)]

Preserves stuckness or help-seeking
rather than becoming a solver or tu-
tor.

Social tone Reference turn has social
cue

0–3 S(x) = ⊮[social(x)] +⊮[compact(x, r)] +
⊮[¬tutorlike(x)]

Preserves greetings, thanks, acknowl-
edgements, and closure without math
over-explanation.

Dynamicity Consecutive DLS turns in
same dialogue

0–1 or percent Coverage = |{zt}|; transition rate
= 1

N

∑
t ⊮[zt ̸= zt−1]; axis rate computed

analogously per axis.

Shows whether the state cache exposes
turn-level movement instead of hiding
the dialogue under one static label.

Misconception
realism

Incorrect-turn rows and
same-error logs

Benchmark scale Read CORRECTNESS together with ERRORS and
row-level wrong-answer family.

A useful same-error match is wrong in
a related pedagogical way, not merely
wrong arbitrarily.

not inter-human reliability or educator consensus.
For this validation, normalization lowercases

text, normalizes apostrophes, collapses whitespace,
and removes an optional emitted student-turn pre-
fix. The printed “contains” rules are evaluated as
raw substring tests, including their possible lexical
collisions. The audit therefore tests the declared
rules as written rather than silently improving their
token boundaries.

Binary metrics. Human yes is the reference posi-
tive class. Accuracy is (TP+TN)/N , precision is
TP/(TP+FP ), recall is TP/(TP+FN), speci-
ficity is TN/(TN + FP ), and F1 is the harmonic
mean of precision and recall. Recall, sensitivity,
and true-positive rate are identical here, so Table 10
reports one Recall/Sensitivity column rather than
duplicate evidence. Cohen’s κ = (po−pe)/(1−pe)
corrects observed agreement for the two labelers’
empirical marginals; because κ is affected by preva-
lence and marginal skew, we report it with the con-
fusion counts and raw classification metrics (Co-
hen, 1960; Artstein and Poesio, 2008; Sokolova
and Lapalme, 2009). Macro values are arithmetic
means of the six cue-level statistics (including
mean cue-wise F1 and mean cue-wise κ). Micro
values are recomputed after pooling all 600 binary
decisions, including a pooled confusion matrix and
pooled κ. Undefined denominators would be re-
ported as NA; none occur.

Ordered composites. The human counterparts
of U(x) and S(x) are computed directly from the
six human cue labels using the same additive for-
mulas; the composite labels were not manually
edited. For each composite, we report automatic
and human means, exact-score agreement, and lin-
early weighted Cohen’s κ. On the full theoretical

support 0, . . . ,M , the agreement weight is

wij = 1− |i− j|
M

, κw =
pwo − pwe
1− pwe

.

Thus a two-point miss receives twice the disagree-
ment penalty of a one-point miss. Linear weighting
matches the equal one-cue increments of these ad-
ditive scores, gives transparent partial credit to near
matches, and avoids imposing the stronger squared-
distance geometry of quadratic weighting (Cohen,
1968; Warrens, 2012). We therefore fix one lin-
ear weighting scheme and do not report whichever
weighted variant happens to be largest.

Question and brief have the highest cue-level
agreement, while tutorlike has the lowest. The
uncertainty and social rules achieve high recall but
lower precision because broad lexical triggers can
over-fire; compactness also misses semantically
concise turns that exceed its token threshold. The
composites are closer at the aggregate level than ex-
act item identity: U has equal means and S differs
by .07, while most S disagreements and many U
disagreements are one point. These results support
the proxy layer as a transparent aggregate audit, but
not as a substitute for semantic human judgment.

D.3 Case 1: local uncertainty and
help-seeking

Case 1 evaluates whether the generated turn sounds
like a learner who is currently confused, stuck, or
asking for help. The key distinction is between a
student-like response and a solver-like response. A
simulator that says “Can you explain?” gives the
tutor a realistic chance to scaffold; a simulator that
begins solving may make the tutor appear more
effective than it actually is.

In Figure 4, the y-axis is the local-uncertainty
composite. Higher scores indicate more compact
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Table 10: Single-human validation of the six deterministic proxy primitives (N = 100 turns per cue). Human yes is
positive; Recall/Sens. is both recall and sensitivity. Macro is the equal-weight mean of cue rows; Micro pools all
600 cue decisions. Values are rounded to three decimals.

Cue TP FP FN TN Acc. Prec. Recall/Sens. Spec. F1 κ

Uncertain 22 17 3 58 .800 .564 .880 .773 .688 .551
Question 29 0 5 66 .950 1.000 .853 1.000 .921 .884
Social 44 18 6 32 .760 .710 .880 .640 .786 .520
Brief 64 0 10 26 .900 1.000 .865 1.000 .928 .769
Compact 59 1 21 19 .780 .983 .738 .950 .843 .500
Tutorlike 17 11 12 60 .770 .607 .586 .845 .596 .436

Macro – – – – .827 .811 .800 .868 .793 .610
Micro 235 47 57 261 .827 .833 .805 .847 .819 .653

Table 11: Human validation of the ordered proxy composites on the same 100 turns. Exact is the count and
percentage of identical scores; “off by 1/2” gives absolute-distance counts. Linear-weighted κ is the sole weighted
agreement statistic.

Composite Definition Range Auto mean Human mean Exact Off by 1/2 Linear κw

U(x) uncertain + question + brief + not tutorlike 0–4 2.04 2.04 59 (59%) 24 / 17 .546
S(x) social + compact + not tutorlike 0–3 1.94 2.01 58 (58%) 35 / 7 .444

uncertainty or help-seeking behavior. The x-axis
groups stage and update type: P-static and P-dls are
prompting; SFT-static and SFT-dls are supervised
fine-tuned; DPO-static and DPO-dls are preference-
optimized. Prompting gives the clearest ATM27
advantage, especially under DLS. SFT slightly fa-
vors OCEAN, while DPO deltas are small.

D.4 Case 2: stable social tone and closure

Case 2 evaluates the opposite phenomenon. Some
student behavior is stable and social rather than
momentary and cognitive. Greetings, thanks, short
acknowledgements, and polite closure are often
better captured by OCEAN. This matters because
social moves affect when a tutor continues, stops,
praises, or repairs the interaction.

In Figure 5, the score rewards preserving social
cues without drifting into a tutor-like explanation.
The figure is intentionally paired with Figure 4: the
representation that is strongest for local uncertainty
is not always strongest for stable social wording.
This supports the main conclusion that ATM27
and OCEAN should be treated as complementary
interfaces.

E Dynamic-State Motion

E.1 Coverage and transition rates

Static labels summarize a dialogue once while
DLS labels summarize each prefix. This section
shows that dynamic labeling actually exposes new
states and transitions, for both representations. The
ATM27 trajectory is more compact and directly

interpretable; the OCEAN trajectory is higher-
dimensional and useful for social profile variation.

In Figure 7, the left panel compares the num-
ber of unique labels seen under static and dynamic
conditioning. ATM27-DLS covers all 27 ATM27
states on the test split, compared with 18 under
static ATM27. OCEAN-DLS covers 122 normal-
ized profiles, compared with 66 static OCEAN
profiles. The right panel is the percentage of con-
secutive within-dialogue transitions whose label
changes. A higher change rate means more fre-
quent state movement, not necessarily better simu-
lation. The especially high 83.9% transition rate for
OCEAN-DLS is best interpreted as sensitivity in
the inferred control profile, rather than as evidence
that stable personality traits changed between adja-
cent turns.

In Table 16, “DLS turns” is the total number of
target student turns, “DLS labels” is the number
of distinct dynamic states/profiles; “Static labels”
is the corresponding count when one descriptor is
reused per dialogue; “Transitions” counts succes-
sive valid-state pairs within each dialogue, exclud-
ing turns whose state labels could not be parsed,
potentially spanning excluded turns; “Change rate”
is the fraction of those pairs whose state/profile dif-
fers; and “States/dialogue” is the average number
of distinct dynamic labels seen in each dialogue.
This table supports the main claim that DLS re-
veals motion rather than merely adding words to
the prompt.

In Table 17, Axis-level rates show which com-
ponents are driving the overall transition rate. For
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Figure 4: Local-uncertainty composite on reference-uncertain turns. Prompt ATM27 exceeds OCEAN; SFT
slightly favors OCEAN, and DPO differences are small.

Table 12: Uncertainty proxy summary on reference-uncertain turns. Delta is ATM27 score minus OCEAN score.

Stage Cond. n ATM27 score OCEAN score Delta ATM27 win OCEAN win All-turn match ATM27/OCEAN

Prompt Static 556 2.065 1.890 0.175 52.9% 35.8% 57.0% / 55.5%
Prompt DLS 916 2.149 1.694 0.455 59.0% 22.4% 57.2% / 60.2%

SFT Static 916 1.565 1.629 -0.064 20.1% 17.5% 71.0% / 70.8%
SFT DLS 916 1.571 1.678 -0.108 11.6% 16.3% 73.9% / 70.8%
DPO Static 916 1.526 1.473 0.053 15.1% 9.3% 77.8% / 77.4%
DPO DLS 916 1.216 1.206 0.010 8.7% 9.2% 78.4% / 78.1%

ATM27, all three axes move at similar rates, mean-
ing affect, attention, and memory each contribute to
state motion. For OCEAN, the first three profile di-
mensions change more often than agreeableness or
neuroticism. The table serves more as a diagnostic
of the inferred state cache.

E.2 Output-motion support
In Table 18, a transition-level feature is counted
as a match when the simulator changes or pre-
serves a simple output property in the same di-
rection as the reference student across adjacent
turns. The numeric uncertainty row asks whether
uncertainty/help cues move with the reference. The
social row is directional; it connects the DLS tran-
sition audit to the social-tone case. The takeaway
is that ATM27 is slightly stronger for uncertainty
motion, while OCEAN is the better place to look
when the target behavior is social continuity after
post-training.

In Table 19, each row is a target student turn
from the same dialogue. The ATM27 state is
shown as affect/attention/memory. The OCEAN
initials abbreviate low, med, and high across the
five OCEAN axes. This example illustrates how
low states can accompany confusion or checking,
high-attention states attempted answers, and later
mixed states closure; it is an interpretive trace, not
population-level evidence. It motivates inspecting
transitions alongside aggregate scores.

F Correctness–Error Tradeoff

F.1 Trade-off figure

In Figure 6, each point is one row from the
main results table. The x-axis is same-error sim-
ilarity and the y-axis is correctness similarity.
Points in the lower-right region are useful for
finding misconception-like errors but have lower
correctness-state agreement so may be too wrong
overall. Points in the upper-left region often better
match the reference student’s correctness state but
are less useful for stress-testing misconception re-
pair as they reproduce fewer of the reference errors.
The figure is a warning against ranking simulators
by one number. Table 20 is included because the
scatter plot compresses many points. “Correctness”
and “Errors” are the exact values plotted. The in-
terpretation column states the educational reading
of the pair. For example, SFT OCEAN-STATIC

is not automatically the best simulator because its
error realism comes with very low correctness, and
prompt ATM27-DLS is not automatically the best
misconception simulator because it is often correct.

F.2 Same-error row examples

Table 21 is intentionally qualitative. A same-error
match is valuable only when the wrong prediction
belongs to a recognizable local family: scale, place
value, percent, fraction, or algebraic coefficient
confusion. These examples justify keeping ER-
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Table 13: Mapped uncertainty examples. Rows are selected to cover prompt, SFT, DPO, static, and dynamic
settings.

Stage Cond. GT student turn ATM27 prediction OCEAN prediction Takeaway

Prompt Static Don’t know the answer to
it

I’m a bit confused. Can you ex-
plain what I need to do again?

Hi! I’m a bit confused about this
problem. Let me try to understand
it.

ATM27 gives compact help-
seeking; OCEAN drifts toward
explanation.

Prompt DLS We are both stuck on the
same thing

I’m still confused about the bar
models. Can you explain again?

Okay, let me try to figure this out.
So, the question is about bar mod-
els...

ATM27-DLS stays on stuckness;
OCEAN-DLS begins solving.

SFT Static so which one is it? im still
not sure i understand

is it B ? yes ATM27 retains question-like un-
certainty; OCEAN collapses to
agreement.

SFT DLS can i have some help i dont know no ATM27 emits uncertainty/help-
seeking; OCEAN underspecifies.

DPO Static maybe i dont get it Hi! Can you help? Hi! ATM27 asks for help; OCEAN
only greets.

DPO DLS Hi. I am not sure how to
answer that question

Hi! I need help with the question Hi! ATM27 preserves the help re-
quest; OCEAN only greets.
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Figure 5: Social-tone composite on reference-social turns. OCEAN is stronger in prompt and SFT settings; DPO
with DLS is mixed because both representations often collapse to short acknowledgement tokens.

RORS in the analysis while also explaining why it
cannot be the only objective.
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Figure 6: CORRECTNESS and ERRORS are different objectives. SFT OCEAN-STATIC reaches high same-error
similarity but low correctness, while prompt ATM27-DLS reaches high correctness with lower same-error similarity.

Table 14: Social-tone proxy summary on reference-social turns. Positive O-A delta means OCEAN exceeds
ATM27 on the social-tone composite.

Stage Cond. n ATM27 score OCEAN score O-A delta ATM27 cue OCEAN cue All-turn match ATM27/OCEAN

Prompt Static 775 1.334 1.395 0.061 42.3% 48.4% 69.8% / 68.1%
Prompt DLS 1346 1.736 1.977 0.242 60.7% 81.1% 70.3% / 55.6%
SFT Static 1346 1.957 2.238 0.281 62.2% 75.3% 73.3% / 69.9%
SFT DLS 1346 1.898 1.915 0.017 58.7% 60.2% 72.4% / 73.3%
DPO Static 1346 2.195 2.223 0.028 72.8% 74.6% 74.6% / 74.3%
DPO DLS 1346 2.448 2.379 -0.069 85.4% 81.9% 69.1% / 70.7%

Table 15: Mapped social-tone examples. OCEAN often preserves greeting, thanks, and closure when ATM27
continues the math or local diagnosis.

Stage Cond. GT student turn ATM27 prediction OCEAN prediction Takeaway

Prompt Static Thanks :) B Thanks a lot for the help. Yes it
does. :)

OCEAN preserves closing thanks;
ATM27 outputs an answer token.

Prompt DLS thank you so the answer is D. 28. Thank you so much! I feel so
much better now.

OCEAN preserves gratitude;
ATM27 answers math.

SFT Static [smile] thank you [smile] So we know that 1 part is 400ml.
How many parts do we need?

Thank you!! OCEAN preserves thank-you;
ATM27 continues calculation.

SFT DLS great so the answer is 7a+7b oh ok OCEAN gives a short social ac-
knowledgement.

DPO Static Thanks So, Martha has 2/3 of a cake. Ed-
ward eats 1/3...

Yes, thanks! OCEAN keeps social thanks;
ATM27 becomes tutor-like.

DPO DLS Hello Oh I see! Hi! OCEAN greets; ATM27 begins
with meta reaction.

Table 16: State-motion summary on the test split.

Rep. DLS turns DLS labels Static labels Transitions Change rate States/dialogue

ATM27 4,225 27 18 3,840 62.4% 5.11
OCEAN 4,225 122 66 3,838 83.9% 7.80

Table 17: Axis-level transition rates. Values are the percentage of adjacent within-dialogue transitions in which that
axis changes.

Rep. Axis 1 Axis 2 Axis 3 Axis 4 Axis 5

ATM27 Affect 38.9% Attention 40.8% Memory 42.4% – –
OCEAN Openness 44.5% Conscientiousness

44.8%
Extraversion 44.6% Agreeableness

27.2%
Neuroticism 25.5%
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Figure 7: Static versus dynamic coverage and transition rates on the test split. DLS exposes motion that static
dialogue-level labels miss. The larger OCEAN profile count is expected because OCEAN has five axes; ATM27
remains more compact and interpretable.

Table 18: Selected output-motion evidence on DLS test transitions. The numeric row is the recovered uncertainty-
motion match rate; the social row records the direction observed in the qualitative audit.

Signal Prompt SFT DPO Reading

Uncertainty motion match
(ATM27/OCEAN)

56.5% / 55.6% 66.2% / 64.6% 70.0% / 69.6% ATM27-DLS slightly better tracks
changes in uncertainty/help-
seeking behavior.

Social-motion direction mixed OCEAN higher OCEAN higher Social continuity is more often pre-
served by OCEAN-DLS after post-
training, consistent with Case 2.

Table 19: DLS trace example from one multi-turn inequality/fraction dialogue. The trace shows how ATM27
transitions support interpretable shifts in generated behavior.

Turn GT ATM27 state OCEAN initials Prompt ATM27 DPO ATM27

1 I don’t understand how I
got it wrong

med/med/med n/n/n/n/n I need help solving this math prob-
lem. Can you explain?

Hi! I need help with this question.

3 I’m not sure low/low/low l/l/l/n/h I tried multiplying straight away,
but I got confused.

I did the improper fractions.

5 Wait is the answer b low/high/high l/l/n/n/l I think it’s 3/2. Is that right? 3/2
7 Oh sorry low/low/low l/l/n/h/h I’m confused, can you explain

again?
Oh ok

15 I’m not sure med/high/high h/h/n/h/l Yes, 33/6 is 5 3/6, so the star
should be 5.

5

19 I don’t know low/high/med h/n/l/h/l 5 5
23 So it’s d med/high/low h/h/n/h/l So the star should be 5, right? Thank you!

Table 20: Exact readings behind Figure 6. Rows are grouped by training stage.

Stage Method Correctness Errors Interpretation

Prompt ZERO-SHOT 0.8955 0.0562 High correctness, low same-error realism.
Prompt ICL 0.7223 0.0760 Lower correctness, modest same-error signal.
Prompt OCEAN-STATIC 0.8898 0.0562 Similar to zero-shot; trait text does not change errors much.
Prompt OCEAN-DLS 0.8432 0.0507 Dynamic OCEAN lowers both here.
Prompt ATM27-STATIC 0.8411 0.1101 Static ATM27 raises same-error signal.
Prompt ATM27-DLS 0.9012 0.0529 Best prompt correctness, not the best same-error model.

SFT NO-PERSONA 0.7309 0.1553 Post-training improves style but not prompt-level correctness.
SFT OCEAN-STATIC 0.5841 0.3348 Highest same-error value, but weak correctness.
SFT OCEAN-DLS 0.7738 0.1894 Dynamic OCEAN recovers correctness relative to static OCEAN.
SFT ATM27-STATIC 0.7810 0.1806 Balanced SFT row.
SFT ATM27-DLS 0.7487 0.2048 More same-error signal but lower correctness than ATM27-STATIC.

DPO NO-PERSONA 0.8289 0.0562 Preference optimization raises fidelity with low error match.
DPO OCEAN-STATIC 0.8676 0.0562 Highest DPO correctness.
DPO OCEAN-DLS 0.8182 0.0507 Strong downstream fit but low same-error signal.
DPO ATM27-STATIC 0.8654 0.0518 Strong acts/ROUGE with low same-error signal.
DPO ATM27-DLS 0.7810 0.0606 Highest DPO same-error value but lower correctness.
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Table 21: Mapped same-error examples. These are cases where the gold turn and prediction are both wrong and
share a local math-error family.

Stage Method Dlg/turn GT wrong turn Pred wrong turn Why it matters

Prompt ATM27-STATIC 22/11 112? 100% Both wrong with math tokens;
useful same-error probe, not
correctness.

Prompt ATM27-STATIC 105/7 360? 180 Wrong numerical relation
rather than arbitrary chat
response.

Prompt ATM27-STATIC 347/9 6.5 0.65 Decimal-scale misconception
family.

SFT NO-PERSONA 1/18 800 980 Compact wrong student-like
answer after SFT.

SFT ATM27-STATIC 24/9 15% 14.5% Close percent misconception.
SFT ATM27-STATIC 123/9 1/8 8/8 Fraction error family.
DPO OCEAN-STATIC 1/18 800 980 Same example persists after

DPO.
DPO OCEAN-STATIC 11/12 0 0.2 Wrong numeric continuation.
DPO ATM27-STATIC 53/5 10000 1000 Place-value/scale confusion.
DPO ATM27-STATIC 84/5 3n? 2n Algebraic coefficient error.
DPO ATM27-STATIC 115/11 5? 12.5% Percentage/answer-form mis-

match.
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