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Abstract

Evaluating language models as student simu-
lators currently focuses on whether their dia-
logue looks realistic, yet it is unclear whether
these models actually respond to the quality of
teaching the way human students do. How-
ever, this has not deterred prior works from
using a model’s uncertainty, measured as the
log-likelihood of a fixed correct answer, as a
proxy for student behaviour. This approach
has been used to simulate student responses,
estimate question difficulty, and study “learn-
ing”. In this work, we test whether this proxy
can detect sensitivity to instructional quality.
We evaluate five language models on expert-
rated tutoring dialogues under tightly con-
trolled conditions. All models reliably dis-
tinguish relevant tutoring context from irrel-
evant context. However, this contextual sen-
sitivity does not extend to pedagogical sensi-
tivity: higher-quality instruction almost never
increases the likelihood of the correct an-
swer, and reasoning-oriented models some-
times show the opposite pattern. We argue
that this failure is structural, and that exact
token-level likelihood is too strict a measure
as many different reasoning paths can be cor-
rect as opposed to just one fixed correct an-
swer. Our results therefore question the use of
target-answer likelihood as a validation metric
for LLM-based student simulators and advo-
cate for more robust metrics for learning prox-
ies. 1.

1 Introduction

Large language models (LLMs) are increasingly
used as simulated students in educational research,
serving as proxies for human learners in the evalu-
ation of tutoring strategies, the generation of prac-
tice data, and the piloting of educational systems
prior to deployment(Késer and Alexandron, 2024;
Aranaetal., 2025). For this application to be valid,

'All dataset and scripts used for experiments are provided
at https://anonymous.4open.science/r/LogProbStudy-5552

vylomova@unimelb.edu.au

a simulated student must not only produce plausi-
ble student-like text but must also respond differ-
entially to instruction of varying quality, consis-
tent with the behavior of human learners.
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Figure 1: Conceptual framework for evaluating peda-
gogical sensitivity in human and LLM-simulated stu-
dents. Effective guidance is expected to increase
a learner’s confidence in the correct solution, while
low-quality guidance leaves uncertainty unresolved or
worse. We examine whether LLMs exhibit analogous
sensitivity to instructional quality.

Existing evaluations of simulated students have
primarily focused on surface-level properties such
as fluency, realism, and relevance (Kargupta et al.,
2024; Macina et al., 2025; Pit, 2025; Kim et al.,
2022; Tan et al., 2025). These properties do not
establish whether a model’s underlying behav-
ior is sensitive to instructional quality (Li et al.,
2023). Assessments of quality typically rely on
human annotation, which is accurate but resource-
intensive, or on LLLM-as-judge approaches, which
are non-deterministic and provide limited trans-
parency into their evaluative process (Wang et al.,
2024b). A method for assessing whether LLM be-
havior is responsive to instructional quality with-
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out these limitations has not been established.

In this work, we investigate a candidate metric
increasingly used in LLM-based student simula-
tion: the token-level log-probability that a sim-
ulated student assigns to a fixed reference an-
swer. Interestingly, this metric does have a plau-
sible pedagogical basis. Learning theories sug-
gest that effective instruction should help a learner
move toward a correct solution (Bjork et al.,
2012; Markandan et al., 2022); correspondingly,
a higher-quality tutor response may increase the
likelihood that a student model assigns to that so-
lution.

We operationalise this intuition by providing a
given model with a tutoring conversation and a
candidate tutor response, prompting it to role-play
as the student, and computing the average token-
level log-probability assigned to a known correct
solution. Under our motivating hypothesis, re-
sponses of higher instructional quality should pro-
duce higher log-probabilities for the reference so-
Iution. We therefore ask: Can the token-level
log-probability assigned to a reference solution
under student role-play reliably track expert-
rated tutoring quality?

We evaluate this question using MRBench_V2
(Maurya et al., 2025), examining five LLMs across
two expert-annotated quality dimensions, Provid-
ing Guidance and Actionability. We compare
target-solution likelihood under three conditions,
namely the original tutor response, a mismatched
tutor response, and no tutor response, to distin-
guish quality-related effects from general contex-
tual responsiveness.

Across all five models we tested, target-solution
likelihood shows no sensitivity to tutoring quality
beyond contextual relevance. As such, our work
makes three contributions as follows:

e First, we formalize token-level log-
probability of a reference solution as a
measurable probe for instructional quality
sensitivity in LLM behavior.

e Second, using MRBench V2 across five
LLMs, we provide the empirical proof that
likelihood proxies are insufficient for instruc-
tional quality sensitivity evaluation of LLM-
simulated learners.

* Third, using mismatched-target and no-tutor
control conditions, we demonstrate that con-
textual sensitivity is dissociable from quality

sensitivity, and that the former does not imply
the latter.

2 Related Work

Since modern large language models (LLMs) pro-
duce remarkably human-like responses, they are
increasingly deployed as generative agents (Park
et al.,, 2023; Uehara, 2024), and used not only
as tutors but as simulated students and evaluative
proxies (Késer and Alexandron, 2024; Benedetto
et al., 2024; Park et al., 2024; Martynova et al.,
2025; Nguyen et al., 2025). This has produced a
large body of work simulating student behavior,
ranging from simple role-play to more advanced
frameworks involving self-evolving or collabora-
tive agents (Marquez-Carpintero et al., 2025; Chu
et al., 2025; Kong et al., 2026; Gao et al., 2025;
Lu and Wang, 2024; Solera-Monforte et al., 2024;
Nair et al., 2024; Sanyal et al., 2025; Zhang et al.,
2025). This reflects a broader interest in using
model behavior to study education directly, such
as how difficult a question is, how a learner might
respond to it, or how feedback and interaction de-
sign shape learning (Liusie et al., 2023; Hayakawa
and Saggion, 2024; Asano et al., 2025a).

A key limitation across this body of work is
that it relies mainly on believability as the standard
for evaluation. Most studies ask whether a simu-
lated student makes plausible mistakes, responds
appropriately to instructional cues, or produces
output that looks pedagogically useful (Sduberli
et al., 2025; Park et al., 2024; Hayakawa and Sag-
gion, 2024; Asano et al., 2025b). These are use-
ful checks, but they focus only on what the model
outputs, not on the internal process that produces
it, and so plausible student-like output is not by it-
self sufficient evidence that a model faithfully rep-
resents learner behavior (Kiser and Alexandron,
2024; Martynova et al., 2025). Recent analyses
find that most studies do not carefully test whether
Al-generated student responses are pedagogically
faithful in the first place (Késer and Alexandron,
2024). When educators have evaluated these sim-
ulated responses directly, they have found them
lacking in several respects, including how authen-
tic they sound, whether their language complexity
is age- or level-appropriate, how well they express
emotion, how realistic their attention and engage-
ment appear, and how logically consistent they are
(Martynova et al., 2025). This points to a growing
need for evaluation methods that go beyond sur-
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face realism and examine whether model behavior
aligns with pedagogically meaningful distinctions.

One line of work relevant to this problem uses
model uncertainty, rather than annotated labels, as
a signal of educationally meaningful properties.
In classroom dialogue, Demszky et al. (2021) use
model-based measures to study how well a teacher
builds on what a student says. In testing settings,
Zotos et al. (2025) ask whether a model’s uncer-
tainty can stand in for how difficult a multiple-
choice question is, while Liusie et al. (2023) study
the full spread of a model’s answer probabilities
in reading-comprehension questions, rather than
just its single top answer. More broadly, work on
simulating students with LLMs treats model out-
puts, and the confidence behind them, as a possi-
ble source of useful information (Park et al., 2024;
Benedetto et al., 2024; Nguyen et al., 2025). To-
gether, these studies suggest that a model’s own
probabilities might offer a faster alternative to hu-
man annotation, though what these probabilities
actually mean, pedagogically, is still an open ques-
tion.

This question matters most when it comes to
the quality of instruction. Research on feedback
in education shows that good instruction helps
a learner tell the difference between fully un-
derstanding something, partly understanding it,
and misunderstanding it, and narrows down what
the learner should try next (Hattie and Timper-
ley, 2007; Bruckner et al., 2025). Recent frame-
works for rating feedback include dimensions like
Actionability (Sharma and Zhang, 2025; Daheim
et al., 2024) and Providing Guidance (Tack and
Piech, 2022; Wang et al., 2024a; Maurya et al.,
2025), which ask whether feedback usefully nar-
rows down what the learner should do next. By
this view, good feedback should not just help a
learner get the right answer, but also bring what
the learner believes closer to what is actually true
(Meyer et al., 2023; Fleming, 2024). This makes
likelihood-based probing a reasonable place to
look for signs of instructional sensitivity, motivat-
ing our current investigation.

3 Dataset

We use the MRBench_V2 dataset (Maurya et al.,
2025), a benchmark for evaluating the quality of
tutoring responses. The dataset contains 200 tu-
toring conversations with more than 1,600 tutor re-
sponses. Each conversation includes a sequence of

student and tutor messages, followed by multiple
candidate tutor responses generated from different
sources, including large language models (LLMs)
and human tutors (Expert and Novice). An exam-
ple conversation is provided in Appendix A.

For each conversation j, the dataset provides:
D; = (¢, 69 (1, A1),
where C}(Lj ) represents the conversation history be-
fore the candidate tutor response, including all
previous student and tutor messages. G'9) is the
expected answer or solution for the learning prob-
lem. Ti(] ) denotes a candidate tutor response gen-
erated for the same conversation context, and M;
is the number of available responses for conversa-

tion j.

Each tutor response is annotated by experts
based on several dimensions of tutoring quality.
In this work, we focus on two dimensions that
describe whether a tutor response helps students
make progress:

Actionability: Whether the response provides
concrete steps, suggestions, or cues that the stu-
dent can use to continue solving the problem.

Providing_Guidance: Whether the response
provides useful conceptual or procedural guidance
while encouraging the student to reason toward
the solution rather than directly revealing the
answer.

For both dimensions,
receives a categorical label from £ =
{Yes, To Some Extent,No}. Importantly, these
labels denote the level of guidance provided by the
tutor’s response, rather than answer correctness.
For instance, a No label does not indicate that the
reference solution is incorrect or irrelevant, but
rather a lack of pedagogical quality from the tutor
toward reaching the reference solution.

We denote this annotation for the two selected
dimensions as AZ(J ) e r2.

each response

4 Modeling Uncertainty Under Different
Guidance Quality

4.1 Mismatched-Target Control

Our goal is to measure whether tutor responses
of different instructional quality change the like-
lihood that a language model assigns to the cor-
rect solution. For each conversation, we provide
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Dataset: MRBench_ V2

200 tutoring conversations | >1,600 candidate tutor
responses

Example Conversation (Math Word Problem)

Solve this: Elliott’s goal is 10,000 steps. System
Before prompt
jogging, he had 6,000. After jogging, he had

2,000 left. How many steps did he jog?

Tutor:

10,000 - 6,000 = 4,000, so he jogged 4,000

steps. )

Reference Solution

Student:

Candidate tutor responses

After jogging, Elliott Phi: “Great job! Let’s try another
had one.”

10,000 - 2,000 = 8,000
steps.

Since he had 6,000
before, he jogged

8,000 - 6,000 = 2,000
steps.

PG: No AG: No
Expert: “You missed that he still
had 2,000 steps left after
t

PG: Yes AG: Yes

Likelihood
Computation

1. Build input context

Conversation
+ history +

2. Compute reference log-likelihood
Based on the input context and using teacher forcing,
compute token likelihood of reference solution

L
1
iV = = 3 togp(ai 2, g<1)

=1 Mismatched-target control

3. Normalize within conversation

jogging.” é O _ ¢

9 Analysis

Primary analysis
Test whether normalized likelihood increases with
higher expert-rated guidance quality across the

Candidate ordered labels “No”, “To Some Extent”, and “Yes”.

tutor response

Compute correlation or ordered association
with normalized annotation scores for each
dimension (e.g., PG, AG).

) E[€ | Yes] = E[£ | To Some Extent] > E[£ | No]

Control analyses

Instruction-absent control

Potential confounds: response similarity &
response length

NG

i)
1 70)
= TVTJT E ¢; Evaluate across 5 models and 4
i=1 prompt variations

Figure 2: Overview of the likelihood-based pedagogical sensitivity evaluation pipeline. Starting from MR-
Bench_V2 tutoring conversations and expert-rated candidate tutor responses, we construct a student-role-play con-
text and compute the average token-level log-likelihood of the reference solution under teacher forcing. Scores
are normalized within each conversation and tested for monotonic association with expert ratings of Providing

Guidance (PG) and Actionability (AG).

the model with the system prompt, the conversa-
tion history, and one candidate tutor response as
context:

x9 - pac? o1,

where (P) specifies the novice student persona,
(C,g] )) is the conversation history, and (Ti(J )) is the
tutor response being evaluated.

Given this context, we measure how the model’s
output distribution changes by computing the
log-probability assigned to the reference solution
(G(j)). This operationalizes the assumption that
effective tutoring narrows a learner’s predictive
distribution toward a canonical correct answer.
Using a single reference string provides a stan-
dardized target for comparison, but tests a strict
form of pedagogical sensitivity: whether higher-
quality instruction predictably increases the per-
token likelihood of a predefined target solution.

Since solutions may have different lengths, we
use the average token-level log-probability:

L
= %Zlogpe (gt \ Xl-(j),g«) .
t=1

where (L) is the number of tokens in the reference
solution and (g<;) represents the preceding refer-
ence tokens. We do not sample a student response
during scoring. Instead, we append the reference
solution to the context and use teacher forcing to
obtain the probability assigned by the model to
each reference token, conditional on the conversa-
tional context and preceding reference tokens. We

then average these token-level log-probabilities.

NG

) _ ) 1 77
) ;E’“ :

This produces a relative score indicating
whether a particular tutor response makes the ref-
erence solution more or less likely than other can-
didate responses for the same student problem.

Hypothesis. For the primary pedagogical-
sensitivity analysis, we retain responses from
all three annotation levels: Yes, To Some Extent,
and No. The reference solution remains the
correct solution in all three cases; the annotation
instead indicates how much pedagogical support
the candidate tutor response provides toward
reaching that solution. If fixed-reference log-
likelihood captures instructional sensitivity, we
therefore expect normalized likelihood to increase
monotonically with expert-rated tutoring quality:

E[/ | Yes] > E[¢ | To Some Extent] > E[¢ | No].

To ensure that the measured signal reflects
the relationship between the tutor response and
the target solution, rather than a general prefer-
ence for certain answer strings, we introduce a
mismatched-target control. We replace the orig-
inal ground-truth solution with a solution from a
different conversation while keeping the system
prompt, conversation history, and tutor response
unchanged.
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If the measured effect is driven by the tutoring
context, this control should remove the relation-
ship between the tutor response and the target so-
lution.

4.2 Instruction-Absent Control

We further compare tutor responses against a set-
ting where no tutor response is provided. In this
condition, the model receives only the system
prompt and conversation history:

() _ ()
X =PaC.

This comparison tests whether a tutor response
changes the model’s uncertainty beyond what is
already provided by the conversation context. We
evaluate this effect only for responses labeled as
“Yes” or “To Some Extent” on the dimension be-
ing studied. Responses labeled as “No” do not
provide meaningful guidance according to the an-
notation and are therefore excluded. Including
these responses would mix the effect of useful in-
structional information with the effect of simply
adding more text to the context.

For example, when evaluating Actionability, we
exclude responses labeled as Actionability = “No”
before comparing against the instruction-absent
baseline.

4.3 Stylistic Anchoring Diagnostic

Because the instruction-absent control involves
a systematically shorter context than the regu-
lar condition, we conduct a post-hoc diagnos-
tic to rule out the possibility that observed log-
probability differences are driven by surface-level
mismatch rather than pedagogical content. Specif-
ically, we test whether the magnitude of the log-
probability difference between the regular and
instruction-absent conditions correlates with three
measures of surface distance between Ti(j ) and
G(j), using Jaccard distance, Length ratio, and
SBERT cosine distance (Reimers and Gurevych,
2019).

5 Task Setup

5.1 Model Selection

We evaluate five pretrained language models that
vary in parameter scale, training data composi-
tion, training cutoff date, and architectural empha-
sis (reasoning-oriented vs. general-purpose). This

diversity is intended to ensure that observed ef-
fects are not driven by confounding factors spe-
cific to any single model family or architecture.
The final set of models evaluated in this study in-
cludes Llama-3.2-3B-Instruct (Grattafiori et al.,
2024), gemma-3-12b-it (Team et al., 2025), phi-
4-reasoning-plus (Abdin et al., 2024), gpt-oss-
20b (OpenAl et al., 2025), and Qwen3-30B-A3B-
Instruct-2507-FP8 (Yang et al., 2025).

To elicit authentic student-like responses, we
developed a series of persona emulation prompts
designed to capture various facets of learner be-
havior, provided in Appendix B. Across all exper-
imental runs and prompt variations, we observed
negligible differences in model performance.

5.2 Evaluation

We employ Spearman’s rank correlation as our
primary analytical framework and isolate two po-
tential confounders: surface-level relevance and
response length. These controls ensure that ob-
served pedagogy signals reflect genuine instruc-
tional effects on the model’s conditional distribu-
tion rather than artifacts of response length or lex-
ical overlap.

Expert annotations for Providing Guidance and
Actionability are treated as ordinal variables and
mapped to a continuous unit interval:

1.0 if “Yes”
guidance = < 0.5 if “To some extent” (1)
0.0 if “No”

Our main metric of interest, Pedagogy signal
(pped), assesses the Spearman correlation between
within-conversation normalized log-probabilities
and expert quality scores. As higher log probabil-
ity denotes higher model confidence, we interpret
Pred as the alignment between a model’s internal
uncertainty and learning-theoretic expectations.
To control for primary confounds, we first uti-
lize Relevance signal (pRrer), which accounts for
semantic similarity between the tutor response
and conversation history. We encode both us-
ing SBERT (Reimers and Gurevych, 2019) and
calculate their cosine similarity, then measure
its Spearman correlation with the model-assigned
log-probabilities. We further incorporate Length
bias (prLen) to address a confound distinct from
the stylistic anchoring diagnostic. While the latter
examines relative length mismatches between ex-
perimental conditions, pr., tests whether tutor re-
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Model Dimension Pedagogical Evaluation Metrics Model-Specific Control Metrics
Pra D KWstat Reg > Base Reg>Mis pg, (= 0) PLen (= 0)

Gemma-3 pI‘O.V. gul.d.ance 0.027 ns) 8.57¢) F alse() :l:rue(***) 0.02609 0.029)
actionability -0.015s) 6.85¢% False(+ Truec=

LLaMA-3.2 pro.v. gu{ci.ance 0.013ms)  10.59¢=) Falses) Truec+) 20,128+ 20092+,
actionability 0.021ms) 6.17¢% Falsems) Truec

Phi-d proy. gul'd'ance 0.012ms) 9.96¢+% False() Truec 20,1020+ 0193+,
actionability 0.005(ns) 3.25(ms) False() Truec==

GPT-0SS pI‘O.V. gu{cllance 0.098+) 7.98¢%) Truec) Truec 0.0100s) 0.0179)
actionability 0.150¢+) 3.49(ms) Truec) Truec

Qwen3-30B prohv. gu{cl.ance -0.091 ¢+ 5.56(ns) False(+x) Truec 0.053ms) -0.007(s)
actionability -0.172) 2.87(s) False++) Truec++

Table 1: Spearman correlations between model outputs and pedagogical quality ratings, including Kruskal-
Wallis tests across response conditions. Indicators Reg > Base and Reg > M1s denote whether the regular
condition yielded significantly higher mean log-probabilities than the baseline or mismatch conditions, respec-
tively. Notably, only GPT-OSS 20B demonstrated consistent and significant results that align with theoretical
expectations, where high-quality guidance increased model confidence in the ground-truth answer. Significance is
assessed separately within each metric family with Bonferroni correction applied (***) p < 0.001, (**) p < 0.01,

(*) p < 0.05, (ns) not significant.

Model Mean diff Jacc p Len_ratio p SBERT p
Gemma-3 —0.029  0.040ns  -0.010ns 0.052ns
LLaMA-3 —0.005 0.046ns  -0.034ns 0.043ns
Phi-4 —0.012  0.019xs  0.034ns 0.035ns
GPT-0SS +0.010  -0.019as  -0.008ns -0.001ns
Qwen3-30B  —0.076  -0.015ns  0.018ns 0.072+

Table 2: Mean log-probability difference between reg-
ulated and baseline condition (negative values indicate
the baseline receives higher likelihood). All correla-
tions are non-significant except Qwen3-30B at a =
0.05

sponse length is independently associated with the
model-assigned log-probabilities. We operational-
ize this by measuring the Spearman correlation be-
tween tutor response length and log-probability.

6 Results

Table 1 reports Spearman correlations between
within-conversation normalized log-probability
scores and expert annotations of tutoring quality.

6.1 Dissociation Between Contextual and
Pedagogical Sensitivity

Across all five evaluated models, candidate tu-

tor responses assigned substantially higher log-

probabilities to matched target solutions than to

mismatched targets (Reg > Mis, p < 0.001).

This confirms that all models possess baseline

context sensitivity, and that their conditional out-
put distributions reliably distinguish relevant con-
versational history from unrelated solution strings.

However, this contextual sensitivity rarely
translates into pedagogical sensitivity. For
Gemma-3-12B, LLaMA-3.2-3B, and Phi-4-

Reasoning-Plus, Spearman correlations between
normalized log-probabilities and expert ratings
remain statistically non-significant across both
quality dimensions (ppeg =~ 0.00). While Kruskal-
Wallis tests indicate that these models do respond
differentially to distinct quality tiers, the resulting
probability shifts fail to follow a monotonic
ordering aligned with pedagogical merit.

6.2 Diagnostic Control Analysis

Sanity Check (Regular vs. Mismatch): As
shown in Figure 4 (bottom), substituting the true
target solution with a mismatched solution from a
different conversation induces a sharp drop in log-
probability across all five models. For example,
GPT-0OSS-20B drops from a mean log-probability
of approximately —4.7 to —6.0, while Qwen3-
30B drops from —1.1 to —2.7. This confirms that
the lack of correlation with expert quality ratings
cannot be attributed to a failure of context integra-
tion; all models reliably recognize conversational
alignment.

Instructional Overhead (Regular vs. Baseline):
Conversely, comparing contexts with a valid tu-
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Guidance Quality vs Normalised Log-Probability
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Figure 3: Distribution of within-conversation normalized log-probabilities across expert-rated guidance
quality levels for all scoring models and dimensions. Violin plots illustrate the full distribution, with white dots
indicating group means and the horizontal dashed line representing the normalized conversation mean (y = 0).
While GPT-OSS 20B exhibits a consistent upward trend from “No” to “Yes” across quality levels, Qwen3-30B

demonstrates a localized reversal of this pattern.

tor response against an instruction-absent baseline
(Figure 4, top) shows negligible movement in av-
erage log-probability. Across all models, adding
a tutor response fails to systematically concentrate
probability mass onto the canonical ground-truth
string GU) compared to evaluating the conversa-
tion history alone.

6.3 Architectural Divergence

The remaining two models present opposing be-
havioural extremes:

GPT-OSS-20B (Faint Positive Alignment):
GPT-OSS-20B is the only model to exhibit a
statistically significant positive correlation with
expert ratings for both Providing Guidance
(PPed 0.098,p < 0.01) and Actionability
(pped = 0.150,p < 0.001). Shown in Table 2,
surface-level controls for relevance (pre; = 0.010)
and length (pren = 0.017) remain near zero, con-
firming that this weak positive shift is not driven
by simple lexical overlap or response expansion.

Qwen3-30B (Inverted Quality Response): In
contrast, Qwen3-30B demonstrates a statistically
significant negative correlation across both dimen-
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sions (ppeg = —0.091 for Guidance; ppeq =
—0.172 for Actionability, p < 0.001). For Qwen3-
30B, receiving tutor feedback explicitly anno-
tated as high-quality systematically depressed the
model’s likelihood of generating the canonical tar-
get solution.

7 Discussion

Our findings demonstrate that token-level log-
probability probing of a canonical ground-truth
solution is insufficient as a proxy metric for ped-
agogical quality. Crucially, our experiment does
not establish that the models lack pedagogical sen-
sitivity. However, our results establishe that ped-
agogical sensitivity is not reliably reflected in the
likelihood of this single canonical target under this
student-role-play setup.

7.1 Context Processing Does Not Imply
Pedagogical Updating

A core assumption in LLM-based student simu-
lation is that if a model is sensitive to context,
it will naturally process helpful instruction in a
learner-like manner. Yet, this surface-level align-
ment does not translate into probability mass shifts



Ablation Comparison by Model
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Figure 4: Mean log-probability under three experimen-
tal conditions for each scoring model. (Top) Regu-
lar vs. no-last-response baseline: four of five mod-
els assign lower log-probability to a context that in-
cludes a tutor response than to one without, with GPT-
OSS-20B as the sole exception. (Bottom) Regular
vs. mismatched-target: all models assign substantially
lower log-probability when responses are paired with
unrelated conversations, confirming context sensitivity
across all models

that reflect instructional utility. Autoregressive
language models can register the presence of ped-
agogical text without updating their likelihood dis-
tributions.

7.2 The Blind Spot of Exact-Target

The widespread observation that adding high-
quality tutor guidance depresses target likelihood
(Reg < Base) exposes the primary theoretical
limitation of exact-string probing.

Effective pedagogical feedback, such as So-
cratic hinting or conceptual scaffolding, is de-
signed to prompt active reasoning rather than ver-
batim reproduction. When a model receives ef-
fective guidance, its conditional distribution is en-
couraged to explore intermediate reasoning steps,
ask clarifying questions, or formulate alternative

valid solution paths. Because our probe measures
log-probability strictly against a single, fixed ref-
erence solution GU ), this natural semantic diver-
gence is mischaracterized as model “uncertainty”
or “noise”. The probe structurally penalizes mod-
els for exploring valid alternative representations
triggered by the instruction itself. Therefore, fail-
ure of the canonical string likelihood may partly
reflect a mismatch between natural student be-
haviour and the scored target.

7.3 Architectural Friction in Reasoning
Models

The contrasting behaviour of GPT-OSS-20B
and Qwen3-30B highlights how post-training
paradigms interact with pedagogical probes. GPT-
0OSS-20B, a standard chat-aligned model, exhibits
a weak linear adherence to instructional context
(pped = 0.150). Conversely, Qwen3-30B, a model
optimized for explicit reasoning chains, exhibits a
strong inverted response (ppeq = —0.172). When
prompted with directive instructional constraints,
reasoning-oriented architectures may initiate in-
ternal reasoning loops or multi-hypothesis explo-
ration. This spreads the output probability mass
across a broader hypothesis space, drastically low-
ering the per-token likelihood assigned to a short,
canonical target string. This negative correlation
suggests that reasoning models actively resist nar-
row token-matching when guided by structured
prompts.

7.4 Implications for Evaluating Simulated
Students

These results offer yet another insight into the dif-
ficulty in evaluating Al in education. While evalu-
ating simulated students on conversational believ-
ability risks ignoring internal validity, probing ex-
act ground-truth likelihoods imposes an overly re-
strictive definition of learning.

Future evaluations of simulated student be-
haviour must decouple pedagogical state assess-
ment from exact token alignment. Metrics based
on semantic entropy, equivalence class clustering,
or functional task completion over multi-turn dia-
logues are required to evaluate simulated learning
without penalizing valid reasoning divergence.

8 Conclusion and Future Work

In this work, we evaluated whether token-level
log-probability probing of canonical target solu-

142



tions can serve as a diagnostic indicator of ped-
agogical sensitivity in simulated LLM students.
Across five language models, our findings reveal a
fundamental disconnect: while all models reliably
process conversational relevance, their conditional
output distributions fail to track expert-rated tutor-
ing quality.

These results demonstrate that surface-level di-
alogue realism and contextual awareness are insuf-
ficient grounds for validating LLM-based student
simulators. Moving forward, this work points to
two crucial directions for future research. First,
future work should investigate whether these find-
ings hold among larger models. Second, future
work should also investigate whether models en-
code pedagogical distinctions within their internal
activation spaces or latent representations, moving
beyond surface token likelihoods to evaluate learn-
ing dynamics via semantic entropy or equivalence-
class probing.

Together, these works would contribute mean-
ingfully towards the pressing need for determinis-
tic and computationally efficient metrics that as-
sess student simulation without inheriting the high
cost, latency, and opacity of LLM-as-a-judge ap-
proaches.

Limitation

Log-probability as a Behavioral Measure.
Our approach uses token-level log-probability as a
behavioral signal rather than a direct measurement
of learning, understanding, or model confidence.
An increase in the likelihood of the target solution
indicates that the model’s output distribution has
shifted toward that solution under a given context,
but it does not imply that the model has acquired
knowledge in the same way as a human learner.
We therefore interpret log-probability probing as
a measure of context sensitivity rather than a com-
plete model of learning. Future work should val-
idate whether these shifts correspond to meaning-
ful changes observed in human learners.

Dataset and Annotation Constraints. Our
analysis relies on MRBench_V2, which provides
expert judgments of tutoring quality across a fixed
set of dimensions. Although the dataset enables
controlled comparisons between responses, it rep-
resents a limited set of tutoring scenarios and may
not capture the diversity of real educational in-
teractions. Furthermore, expert annotations them-
selves contain uncertainty, particularly for subjec-

tive dimensions of instructional quality. Expand-
ing evaluation to larger datasets, additional edu-
cational domains, and multiple annotation sources
would provide a stronger test of the proposed ap-
proach.

Limited Model Scale. Due to computational
constraints, our evaluation is restricted to models
with a maximum parameter scale of 30B. While
this selection provides a diverse mix of reasoning-
oriented and general-purpose architectures, it ex-
cludes larger, frontier-scale models. Future work
should extend this probing methodology to larger
open-weight and proprietary frontier models to
determine whether robust pedagogical sensitivity
emerges as a stable property at higher scales.

Single-Turn Instructional Effects. Our exper-
iments measure the effect of individual tutor re-
sponses given a fixed conversation context. This
setting allows controlled analysis of how a sin-
gle response changes model behaviour, but it does
not capture the cumulative nature of learning. Hu-
man learning develops through repeated interac-
tion, correction, and adaptation over time. Extend-
ing this framework to multi-turn tutoring scenarios
is an important direction for evaluating whether
LLMs can represent longer-term instructional ef-
fects.
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A Example Conversation Thread

We provide an example of a conversation thread

used for our evaluation and experiments.

The

LLM Annotations of each category (i.e., Yes, To
Some Extent, No) are provided to showcase the
difference in quality of a tutor’s response.
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Tutor: Hi, could you please provide a step-
by-step solution for the question below?

The question is: Elliott is trying to walk
10,000 steps a day. He finished half of his
steps on his walks to and from school and did
another 1,000 steps going for a short walk
with his friend. He also went for a short jog
around the block and realized that after he had
finished his jog, he only had 2,000 steps left to
take. How many steps did Elliott take during
his jog?

Student: Elliott finished half of his steps on
his walks to and from school, so he took
10,000/2 = 5,000 steps.

Adding the 1,000 steps he took with his friend,
he has taken 5,000 + 1,000 = 6, 000 steps.
Subtracting 6,000 from his goal of 10,000, he
has 10, 000—6, 000 = 4, 000 steps left to take.
Therefore, he took 4,000 steps during his jog.

Tutor: Can you tell me how you got to your
answer?

Student: Sure. I started by figuring out how
many steps Elliott had taken before his jog.
I knew he had finished half of his steps on
his walks to and from school, so I calcu-
lated 10,000/2 = 5,000 steps. Then I added
the 1,000 steps he took with his friend, giv-
ing 5,000 4+ 1,000 = 6,000 steps. After
that, I subtracted 6,000 from 10,000 so I had
10,000 — 6,000 = 4,000 steps left. This
meant that he had taken 4,000 steps during his

Jog.
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A.1 Ground Truth Solution

Elliott took half of his steps on his school
journey, which was 10,000/2 = 5,000
steps.

Adding this to his short walk, he has taken
5,000 + 1,000 = 6,000 steps.

He only has 2,000 steps left, which means
that during the day, he has taken 10, 000 —
2,000 = 8,000 steps.

The difference between these is therefore
the steps he took during his jog: 8,000 —
6,000 = 2,000 steps.

A.2 LLM Annotations

* Phi3: Great job! To further enhance your un-
derstanding, let’s explore more examples and
practice solving similar problems together.

— Providing Guidance: No

— Actionability: No

» Expert: But after his jog he still had 2,000
steps left.

— Providing Guidance: Yes

— Actionability: Yes

* Sonnet: Great job showing your work, but
let’s take another look at the last part of the
problem statement to make sure we’re con-
sidering all the information given.

— Providing Guidance: To some extent

— Actionability: To some extent

B Variants of Prompts Used

Below is the main prompt used to obtain the ex-
perimental results reported in this study. Here, we
instruct the model to respond how it would nat-
urally do under a student persona, without con-
straints such as “’last tutor response”.

Model Behaviour Prompt - Main

You are a novice student asking your tutor for help
on different problems. Your goal is to respond
naturally to the tutor’s last message after you un-
derstand the context of the entire conversation his-
tory. You must base your response on your cur-
rent understanding of the problem and the di-
alogue so far. Instructions: (1) Read the context
carefully. (2) Respond as a student would, showing
your thought process or understanding. (3) Your
response should emulate what a real student might
say next. (4) Keep your response concise but realis-
tic. (5) Ensure your response is relevant to the topic.
Now, respond as a student.

To evaluate the stability of the results across
prompts, we conducted multiple runs using differ-
ent instructions as student persona prompts. We
then introduced the notion of “last tutor response”
as anchoring. In addition to having the model re-
spond directly as a student, we also experimented
with having it predict the answer after receiving
guidance from the tutor. Below, we present some
of the alternative prompts that were tested. First,
we paraphrased the main prompt to control for the
tested models’ sensitivity to specific tokens. Next,
to better represent student’s thinking, we specif-
ically induce this via the Thinking prompt. Fi-
nally, instead of responding as a novice student,
we specifically guide the model to produce the cor-
rect solution based on the available hints provided
in the conversation.

Model Behaviour Prompt - Paraphrase

You are playing the role of a novice student asking
questions to your tutor. Respond to the latest tutor
message by considering the Last Tutor Response and
what you currently understand. Instructions: (1) Un-
derstand the tutor’s last message thoroughly. (2) Re-
ply like a student would, reflecting your thoughts or
reasoning. (3) Keep your response brief, realistic,
and on-topic. Respond now as a student.

Model Behaviour Prompt - Thinking

Imagine you are a student working through a chal-
lenging concept with your tutor. Your task is to
think out loud, speculate, or propose ideas, show-
ing how you process the information. Use the tutor’s
last message as a reference and draw on your current
understanding. Responses should feel authentic, re-
flective, and relevant. Respond now as the student.
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Model Behaviour Prompt - Answer Pre-

diction

You are a student attempting to solve a problem af-
ter receiving guidance from your tutor. Your goal
is to predict the answer or next step based on the
tutor’s last message and your current understanding
of the topic. Think carefully about the hints or ex-
planations provided, and respond as a student would
when reasoning toward a solution. Keep your reply
realistic, concise, and relevant. Now respond as the
student, predicting the answer.

\. J

No meaningful difference was observed across
all runs.
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