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Abstract
Educators increasingly use large languagemodels (LLMs) as student
models: to summarize a learner’s work, describe their understand-
ing, and predict their next moves. For educators evaluating these
tools, a fragile assumption sits underneath: a model’s response can
sound tailored to a student while only reflecting the programming
situation. We ask whether an LLM’s descriptions and predictions
about novice Python programmers are tied to the genuinely indi-
vidual student.

We study introductory Python submissions from CodeBench,
using 117 narrative cases and a matched-peer prediction audit of
310 paired comparisons. Written summaries appear personalized:
varied, behaviorally grounded, with little template language. A
stricter prediction test reveals a gap. For students matched on the
same exercise assessment state, predictions without process traces
are roughly twice as similar in predicted activity shape (local run-
count agreement) as students’ real next submissions, while other
granularities show smaller or uncertain effects. Adding traces re-
duces this collapse and adds coarse repair-magnitude and structural
signal, but reliable trace-added gains for code details, edit locations,
or identifiers remain absent.

For educators evaluating LLM-powered tools, personalized-
sounding summaries are insufficient evidence of student-specific
modeling. We propose identity perturbation under matched assess-
ment state: pair students at the same exercise and test-outcome
state, then test whether predictions are correctly targeted, not
merely varied. Personalization claims should specify what student-
specific signal is captured, from coarse behavior to fine-grained
code, so educators and tool designers can judge when LLM-based
personalization is warranted.
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1 Introduction
Large language models are increasingly used as informal student
models in computing education: they summarize a learner’s cur-
rent work, infer likely misunderstandings, recommend next steps,
and predict what a student may do next. For instructors and tool
designers, this trend raises an immediate evaluation problem: how
to tell when apparently personalized output is actually tied to the
individual learner. These uses are attractive because they appear
to convert messy traces of programming activity into language
that an educator can inspect. They are also risky. A summary can
sound highly individualized while mostly reflecting the exercise,
the current failing tests, or common novice repairs. If such state-
level guidance is presented as learner-specific, instructors may
over-trust it when triaging work or planning interventions. We
test whether personalization claims are warranted; we do not test
whether personalization improves learning outcomes.

This paper studies whether an LLM response tracks the partic-
ular novice programmer or only the programming situation. We
use programming situation to mean the exercise and the current
assessment evidence available at the focal attempt, especially the
test-level pass/fail state. We use student-specific targeting more
narrowly: a prediction for student 𝐴 should fit 𝐴’s observed next
submission better than the observed next submission of a matched
peer 𝐵 who is in the same assessed state. This definition is inten-
tionally output-facing. It does not require us to infer an internal
cognitive representation, and it avoids a common validation short-
cut: treating plausible, varied prose as evidence of personalization.

A matched assessment state is not a claim that students have
identical source code or identical histories. It fixes the class, task,
exercise, and row-local test pass/fail vector while allowing current
code and process history to vary as possible differentiating evidence.
Here, identity means focal-student versus matched-peer identity
in the dataset; we do not perturb or evaluate demographic identity
attributes.

We therefore separate two senses of personalization. The first
is surface narrative variation: whether written summaries look
varied, behaviorally grounded, and non-templated. The second
is prediction-level targeting: whether predictions about a student’s
next programming move are more accurate for that student than
for a matched peer in the same assessed state. The latter is stricter.
A model that predicts the same next move for every matched peer
may still write individualized prose, but it has not demonstrated
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the kind of student-specific model educators need when evaluating
personalization claims.

Our method is a matched-peer identity perturbation audit. For
each retained assessment state, we compare the prediction gen-
erated for a focal student with both the focal student’s observed
next move and a matched peer’s observed next move. If the out-
put mainly reflects the shared programming situation, it should
fit the matched peer about as well as the focal student or become
more homogeneous than the peers’ real next moves. If process
traces carry student-specific signal, Full trace predictions should
improve under self-vs-peer scoring and should reduce this peer-
reality over-collapse. The protocol deliberately separates two claims
that are often conflated: producing different outputs for different
histories, and producing outputs that are correctly targeted to the
right learner.

We make three contributions:

• We introduce identity perturbation under matched assess-
ment state as a validation protocol for LLM student-modeling
claims in novice programming, operationalizing personaliza-
tion as correct targeting rather than output variation alone.

• We analyze 117 narrative cases and 310 directed matched-
peer comparisons of CodeBench Python submissions.

• We show a gap between personalized-sounding summaries
and prediction-level targeting: traces reduce the clearest
generic-collapse pattern and improve targeting of coarse
repair-shape signal, but trace-added content, location, and
identifier gains remain unsupported.

2 Related Work
Studentmodeling has long framed learning systems around latent or
observed representations of a learner’s current knowledge, strategy,
or likely future performance. Classical knowledge tracing models
estimate mastery from sequences of observed responses [3], and
later neural approaches use interaction histories to predict future
performance [11]. Programming-specific learning analytics has
used code snapshots, online judge logs, submissions, test outcomes,
and keystroke-level process data to characterize novice behavior
[1, 10]. The CodeBench environment is especially relevant because
it captures both execution/submission logs and IDE interaction data
for introductory programming and has released a public learning-
analytics dataset [2]. Our test complements these learner-state and
future-performance objectives with an assignment check: within a
shared assessed state, is the prediction better matched to the learner
whose history generated it?

Recent LLM-based educational systems extend this tradition by
using language models to synthesize student behavior, generate
feedback, or predict future work. Automated feedback for program-
ming has a long history of using student code and errors as evidence
[6]; LLMs have now been studied for generating programming ex-
ercises and code explanations [16], supporting novice learners with
code generators [5], and providing guarded help in programming
classes [8]. Data-driven programming-hint systems are a close pre-
cursor because they generate next-step guidance from a learner’s
current code state and historical solution paths [12, 13]. Recent
LLM next-step hint work similarly evaluates whether generated

hints are specific to a student’s code and approach while docu-
menting risks such as misleading or insufficient hints [14]. More
directly, LLM-SS studies in-context student modeling by synthe-
sizing student attempts in visual programming [9], and TIKTOC
models open-ended coding tasks using test case information and
code prediction objectives [4]. Adjacent writing-feedback work
reports that adding keylogs and time-stamped revision snapshots
can make LLM-generated feedback more process-sensitive [17].
These studies motivate using LLMs as student models, but they also
raise a validation problem: improvements in plausible explanation,
guarded support, or aggregate prediction do not necessarily show
that a model distinguishes one matched student from another in
the same assessed programming situation.

This prior work motivates our framing but leaves a specific
validation gap. Studies can demonstrate useful feedback, plausi-
ble generated behavior, or aggregate prediction without testing
whether two students in the same assessed programming situation
receive predictions targeted to the correct individual. Outside edu-
cation, personalization benchmarks evaluate whether LLM outputs
benefit from user-specific histories or profiles [15]. Counterfac-
tual evaluation traditions similarly ask whether outputs remain
invariant, or change appropriately, when identity-relevant variables
are counterfactually changed while other state variables are held
fixed [7]. Our work adapts this logic to novice programming. We
do not infer the model’s internal cognitive representation; we ask
whether externally visible predictions remain correctly targeted
when matched peers share the same exercise assessment state.

3 Research Questions
The research questions deliberately move from weak to strong evi-
dence: first surface-level narrative variation, then generic collapse
under matched state, then the granularity of any trace-supported
targeting. We ask three questions.

RQ1: Do LLM-written summaries of novice programming work
avoid literal templating and surface-level repetition across students?

RQ2: At what granularity do predictions for students matched
on the same current assessment state collapse toward a generic
next move for the state?

RQ3: At what granularity does process trace information im-
prove prediction targeting: coarse repair shape, fine-grained code
content, edit location, or identifier choice?

4 Method
4.1 Data Setting
We use CodeBench, an online judge and embedded IDE used in
introductory programming courses at the Federal University of
Amazonas [2, 10]. CodeBench records source submissions, execu-
tion outcomes, test-level pass/fail feedback, and IDE activity. Our
analyses use Python submissions from introductory programming
exercises. We report only anonymized identifiers and aggregate
behavior.

The study has two separately constructed parts with different
evidentiary roles. The narrative analysis uses 117 cases selected
across available transition depths; it asks whether short summaries
avoid literal templating and surface-level repetition. These cases
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are not the denominator for the prediction audit. The stricter pre-
diction audit fixes one decision point: a prediction row contains a
focal student’s third visible submission and the observed fourth
submission as its target. This choice balances history against cohort
yield. Three submissions give the model multi-attempt evidence,
while requiring a fourth target already reduced 73,635 candidates
with both logs to 4,445 parseable, depth-eligible candidates before
matching. A matched assessment-state scope groups rows from the
same class, task, and exercise with the same current row-local test-
level pass/fail vector. Across four CodeBench semesters (2022-2,
2023-1, 2023-2, and 2024-1), the final set contains 91 scopes, 209
rows per condition, and 310 directed focal-peer comparisons. Fig-
ure 1 summarizes the selection and scoring flow. In both parts, the
substantive question is whether output is tied to the student rather
than only to the situation.

4.2 Ethics and Data Use
We use de-identified CodeBench records and report only aggregate
behavior. LLM requests contained the exercise context, submitted
code, execution feedback, and available trace evidence needed
for the prediction task; they did not include student names, de-
mographic attributes, or institution-specific identifiers beyond
anonymized dataset keys. External LLM processing used only these
de-identified records and aggregate outputs.

4.3 Narrative Audit Procedure
For 117 matched transitions, the narrative analysis uses the top-
ranked student_state_summary from paired Full trace and No
trace runs. The prompt asked for a cautious instructor-facing ac-
count of the student’s current likely state and likely next repair
move, grounded only in evidence available up to attempt 𝑛. It ex-
plicitly prohibited using information from attempt 𝑛+1 or later and
required uncertainty to be expressed through multiple hypotheses.

We audit the narratives in two ways. First, to detect template-like
prose, we group Full trace summaries by exercise, identify repeated
3–6 word phrases appearing in at least half of summaries for that
exercise, prune overlapping phrases, and compute the fraction of
summary tokens covered by those repeated phrases. Exercises with
fewer than three distinct students are excluded from this template-
fraction calculation. Second, to compare Full trace and No trace
summaries for the same transition, we compute corpus-level TF-IDF
vectors from all matched summaries and report cosine similarity be-
tween paired summaries. This audit is intentionally textual: it tests
surface variation and template reuse, not whether the predicted
next code is correctly targeted.

4.4 Prediction Conditions
For each prediction row, the model saw the exercise context and
submitted-code/execution evidence through the focal attempt; IDE
interaction traces varied by condition. By IDE interaction traces, we
mean the pre-focal IDE edits, local-run behavior, code snapshots,
and submit feedback that record how the student worked before
the prediction point. For reporting, we call the condition without
these traces No trace and the condition with them Full trace.

No trace includes submitted-code and execution/test informa-
tion for the visible attempts, but omits IDE interaction traces. Thus,

No trace means no interaction-trace evidence, not no prior submis-
sion history.

Full trace includes the same submitted-code and execution/test
information plus only process evidence available before the focal
prediction point. For each visible attempt, the prompt includes
attempt-start code; raw CodeMirror edit segments rendered as
tabular change records with timestamps, line/character coordinates,
inserted and removed text, and edit origin; local-run raw output
and code snapshots; and submit feedback with code snapshots. It
excludes the observed next submission and all events after the focal
attempt. This condition tests whether the additional process trace
supports student-specific targeting.

Both conditions used gpt-5.4, resolved by the API to snapshot
gpt-5.4-2026-03-05, with reasoning.effort=xhigh. This set-
ting allocates greater internal reasoning effort and was chosen to
give the model a fair opportunity to use long, messy trace evi-
dence. The two conditions use the same prediction task and scoring
pipeline; the ablation is whether process-trace evidence is present.
Requests were submitted through the Responses batch endpoint in
April 2026 using API-default sampling parameters; all 209 requests
per condition completed without API-reported failures. A strict
JSON schema requires exactly three hypotheses whose probabili-
ties sum to 1.0. Each includes an estimated probability, predicted
next code, and a predicted trajectory of one to eight coarse steps
(edit, local_run, or submit) with line ranges. We evaluate the
top-ranked prediction, defined by the model’s highest estimated
probability, against the observed next submission.

4.5 Matched-Peer Identity Perturbation
The core design holds the assessed situation fixed and changes the
student identity at evaluation time. Students are eligible matched
peers when they share the same class, task, exercise, and current
row-local test-level pass/fail vector at the focal attempt. We call
this a matched assessment state. The match intentionally does not
require identical source code or identical histories: those differences
are available differentiating evidence, and normalized code-distance
filtering is treated as sensitivity analysis. A group with𝑚 students
contributes 𝑚(𝑚 − 1) directed focal-peer comparisons and is re-
tained only if𝑚 ≥ 2.

For a directed pair 𝐴 → 𝐵, the prediction generated from 𝐴’s
context is scored against both 𝐴’s and 𝐵’s observed next submis-
sions. Direction matters because 𝐵 has a separate prompt context,
prediction, and reverse comparison.

One retained pair illustrates the design. At their third submis-
sions, 𝐴 and 𝐵 were on the same exercise and failed the same two
tests, but their code and histories differed:𝐴 hard-coded the current
year, whereas 𝐵 read it as input. In their observed fourth submis-
sions, 𝐴 corrected the foundation-year constant in the subtraction,
while 𝐵 removed the input prompt and revised output wording. We
score the prediction generated from 𝐴’s context against both ob-
served fourth submissions; the reverse direction uses 𝐵’s prediction.
This example explains the scoring operation, not the aggregate
evidence.

Self-vs-peer targeting therefore asks whether a prediction
maps to the right student, not merely whether it is plausible for the
shared state. For metric 𝑠 and condition 𝑐 , it is 𝑠 (𝑦𝑐

𝐴
, 𝑦𝐴) − 𝑠 (𝑦𝑐

𝐴
, 𝑦𝐵).
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Valid third-
attempt transitions

4 semesters
4,445 candidate rows

Matched assessment state
same class, task, exercise
same test pass/fail vector

91 scopes

Paired predic-
tion conditions
No trace: sub-
missions + tests

Full trace: + process trace
209 rows each

Identity scoring
score focal prediction vs.

focal next and
matched peer next
310 directed pairs

Scope-cluster inference
10,000 bootstrap resamples

scope sign-flip tests

Figure 1: Prediction-audit flow for identity perturbation under matched assessment state. CodeBench transitions are filtered
to valid third-attempt rows, grouped by class, task, exercise, and row-local test pass/fail vector, and retained when a scope
contains at least two students. The retained audit set has 91 matched scopes, 209 prediction rows per condition, and 310 directed
focal-peer comparisons. Each focal prediction is scored against both the focal student’s observed next submission and amatched
peer’s observed next submission; inference is clustered by matched assessment-state scope.

Table 3 reports its within-condition means and the Full-minus-No
trace difference.

Peer-reality over-collapse instead asks whether matched
peers’ predictions are more similar than their observed next sub-
missions. It compares 𝑠 (𝑦𝑐

𝐴
, 𝑦𝑐

𝐵
) with 𝑠 (𝑦𝐴, 𝑦𝐵); large positive values

indicate compression toward a generic “student in this situation.”
Table 2 reports both similarities and the Full-minus-No trace
change.

4.6 Metrics and Inference
We use metrics that capture different granularities of next-move
targeting. Fine-grained metrics test exact code, aligned content,
identifier choices, and edit locations. Coarser metrics test repair
magnitude, structural change, activity shape, and action-sequence
similarity. This distinction matters because a trace condition can
reduce generic behavior at a coarse level without demonstrating
fine-grained student-specific code targeting. Bounded code gain is
(𝑑copy − 𝑑pred)/max(𝑑copy, 𝑑pred) using normalized edit distance to
the observed next code, so 1 is exact, 0 is no better than copying
the current code, and negative is worse than copying. For example,
a bounded code gain of 0.5 means the prediction closes half the
available distance from copying the current code to the observed
next code. Structural lift subtracts the current-code-to-target to-
ken similarity from the predicted-code-to-target token similarity.
Aligned content F1 aligns predicted and observed repair hunks by
line-window overlap, then averages token F1 over aligned hunks
while scoring unaligned hunks as zero. Local run-count agreement
is 1 − |𝑝 − 𝑜 |/max(𝑝, 𝑜, 1) for predicted and observed pre-submit
local-run counts, a graded activity-shape metric rather than seman-
tic code targeting. Table 1 summarizes the metric interpretation.

Pairwise comparisons are not independent because many di-
rected pairs share the same exercise state. Most retained scopes
contain two matched students (71 of 91 scopes); 16 scopes con-
tain three students, one contains four students, and three contain
five students. We report pair-weighted directed-comparison means
and aggregate uncertainty at the matched-state scope level using a
scope-cluster bootstrap with 10,000 samples. We also report two-
sided scope sign-flip randomization p-values. We treat p-values
as descriptive evidence rather than as proof of a latent cognitive
mechanism.

Table 1: Metric granularity for RQ2 and RQ3. Whole-code
metrics compare the entire submitted file; content metrics
compare tokens within aligned repair hunks. Coarse metrics
can improve without establishing fine-grained targeting.

Metric family Metric Targeting level

Exact code Exact next-code match whole submitted file
Content Aligned content F1 aligned repair-hunk to-

kens
Identifiers Identifier content F1 naming choices
Location Windowed footprint F1 edit footprint
Location Edit-region overlap edit region
Repair shape Bounded code gain repair magnitude
Repair shape Structural lift over copy structural change
Trajectory Local run agreement activity shape
Trajectory Trajectory alignment action sequence

5 Results
5.1 Narratives Avoid Literal Templates
The 117 narrative cases show why prose-only validation is tempt-
ing but weak. Summaries are behaviorally specific and rarely tem-
plated. A slot-filling audit across 14 exercises found that only 2.3%
of summary text belonged to repeated template phrases, with the
remaining 97.7% varying by case. Comparing Full trace and No trace
summaries for the same transition, 115 of 117 pairs had TF-IDF co-
sine below 0.5, with mean cosine 0.17. These textual indicators help
explain why such summaries may plausibly read as individualized
in ordinary review.

This answers RQ1 at the surface-text level: the summaries are
not simply literal templates or repeated boilerplate. It does not show
that the predicted next move is targeted to the right student: two
matched students can receive different, grounded narratives even
when a prediction would fit either student’s next move equally well.
The matched-peer audit therefore tests the stronger claim needed
for student-specific modeling.

5.2 No-Trace Predictions Over-Collapse on
Activity Shape

The tables test different failures. Peer-reality over-collapse asks
whether matched peers’ predictions are more alike than their real
next submissions; self-vs-peer targeting asks whether a prediction
fits its focal student better than a peer. Traces can improve the first
without improving the second. Peer-reality over-collapse shows
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Table 2: Peer-reality over-collapse undermatched assessment
state. Full and No trace are prediction-to-prediction similar-
ities among matched peers; Real is similarity between the
peers’ observed next submissions. The reported change is
Δover = (Full−Real)−(No trace−Real) = Full−No trace; negative
values mean traces reduce over-collapse.

Metric Full No Real Δover 95% CI

Local-run agree. .582 .916 .404 −.334 [−.444, −.217]
Edit region .401 .429 .433 −.028 [−.064, .006]
Trajectory .397 .394 .314 .003 [−.069, .080]
Exact code .000 .006 .000 −.006 [−.022, .000]

the clearest failure mode. Without process traces, predictions for
matched peers were much more similar than the students’ real next
submissions. The strongest example is local run-count agreement:
No trace predictions agreed with each other at 0.916, while matched
students’ real next submissions agreed at 0.404. That is more than
twice the real peer similarity. Full trace predictions were still more
similar than reality, but less extremely so: 0.582 versus 0.404. The
difference in over-collapse, (.582− .404) − (.916− .404), was −0.334
(95% CI [−0.444,−0.217], 𝑝 < .001).

This result supports RQ2, but only at the granularity where
the effect is observed. The No trace model often behaves as if the
assessed exercise state is enough to determine the next activity
shape. Traces reduce that homogenization, especially for local-run
behavior. Other over-collapse rows are small or uncertain, so we
do not claim broad code-level de-collapse from this table alone.

Table 3: Self-vs-peer targeting under matched assessment
state. Full and No trace are within-condition mean self-
minus-peer discrimination; positive values mean the pre-
diction fits the focal next move better than a matched peer’s
next move. Δ is Full trace minus No trace; positive Δ means
traces improve discrimination.

Metric Full No Δ [95% CI] 𝑝

Code gain .614 .494 .120 [ .056, .187] < .001
Struct. lift .295 .277 .018 [ .008, .029] .0015
Edit region .194 .163 .031 [−.003, .066] .093
Trajectory .121 .099 .022 [−.009, .056] .193
Exact code .077 .055 .023 [−.020, .065] .404
Content F1 .112 .103 .008 [−.023, .040] .608
Identifier F1 .127 .122 .005 [−.027, .037] .768
Footprint F1 .102 .108 −.006 [−.035, .021] .685
Run agree. .055 .011 .044 [−.036, .133] .295

5.3 Trace Adds Coarse Repair-Shape Signal, Not
Fine-Grained Signal

Self-vs-peer targeting is a discrimination test, not an aggregate
next-code accuracy test. A positive within-condition value means a
prediction fits the focal student’s next move better than a matched
peer’s next move; a positive Full-minus-No trace value means traces
improve that discrimination. Under this test, Full trace shows two

positive cross-condition effects, both coarse. It improves struc-
tural lift over copy by 0.018 (95% CI [0.008, 0.029], 𝑝 = .0015)
and bounded code gain over copy by 0.120 (95% CI [0.056, 0.187],
𝑝 < .001). These effects indicate relative improvement over No
trace in repair-shape or repair-magnitude discrimination; they do
not by themselves establish fine-grained semantic targeting.

The nulls are as important as the positives, but they are nulls for
trace-added discrimination rather than proof of no absolute self-
vs-peer signal. Because both conditions include the focal student’s
submitted code and test feedback, positive within-condition means
may reflect targeting already available from the submitted-code
state. What Table 3 shows is that adding process traces does not
reliably improve aligned content F1, identifier content F1, windowed
footprint F1, exact next-code match, trajectory alignment, local-
run agreement, or edit-region overlap beyond that baseline. The
two positive effects survive a conservative Bonferroni threshold
of .05/9 across the nine reported metrics. Thus, for RQ3, trace
evidence improves some coarse repair-shape discrimination, but
we do not find reliable trace-added gains for fine-grained code
content, location, or identifier choices that distinguish matched
students.

Because an assessment-state match does not require identical
current code, we filtered pairs post hoc by normalized Levenshtein
distance between focal codes. Thresholds 0.02, 0.25, and 0.50 re-
tained, respectively, 2, 132, and 284 directed pairs from 1, 37, and
86 scopes. The 0.02 layer was too thin for scope-cluster inference.
Across estimable thresholds, code-gain effects were positive with
sign-flip evidence below .05 from 0.25 onward; structural-lift con-
fidence intervals were positive from 0.25 onward, and local-run
over-collapse remained negative. We treat this as robustness analy-
sis, not a second estimand or a claim of identical code.

6 Discussion
6.1 Personalized Prose Is Not Validation
Varied, grounded narratives can coexist with weak student-specific
targeting. For educators, a plausible summary may still help summa-
rize situations or triage common states, but it should not be treated
as evidence of learner-specific next-move signal. Personalization
claims should name the supported level: activity, repair magnitude,
structure, edit location, identifier choice, or code content.

6.2 What Traces Buy
Trace access made predictions less homogeneous and improved
coarse repair-shape targeting, not reconstruction of the student’s
exact next code. Distinguishing a small local patch from a structural
repair may still support instructor reflection or triage, although we
did not evaluate instructor use. The evidence therefore supports
“uses student trace data” more strongly than “models the student.”

6.3 Identity Perturbation as a Validation Step
Matched-peer identity perturbation is deliberately simple. It asks
whether predictions remain targeted when the situation is held
approximately fixed. This makes it attractive as a validation step for
LLM-powered educational tools. If a system claims to personalize, it
should be evaluated not only on aggregate accuracy or human-rated
plausibility, but also on whether its output changes in the right way
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across matched students. The key methodological point is to test
de-homogenization and correct targeting separately: a model can
become less generic without becoming reliably student-specific.

In practice, an evaluation should identify matched-state scopes
in deployment data, score each prediction against both the focal
student’s next work and a matched peer’s next work, and report the
granularity at which targeting holds. A tool that passes for repair
magnitude but not for identifier choice or edit location may still
be useful, but its personalization claim should be scoped to repair
shape rather than to modeling the student’s exact next code.

The design also separates generic outputs shared across a state
from varied but wrong-targeted outputs that do not map to the
right learner. Both undermine personalization, but they require
different redesigns.

7 Limitations and Validity Threats
Construct validity. Our matched-state design controls the current
exercise assessment state, not the full programming state. Students
in a match group share the same class, task, exercise, and row-local
pass/fail vector, but they may differ in source code, trace history,
and prior learning experience. This is why we describe the primary
denominator as an assessment-state match and treat normalized
code-distance filtering as sensitivity analysis rather than as the pa-
per’s main estimand. The narrative audit is also a limited construct:
low template use and low TF-IDF similarity show prose variation,
not true personalization. The prediction metrics are behavioral out-
put measures. They can show whether predictions fit the observed
next move, but they cannot reveal the LLM’s internal representa-
tion of the learner. We therefore do not claim that the LLM lacks an
internal student model; we claim that these outputs do not show
reliable trace-added fine-grained student-specific targeting under
matched assessment state.

Internal validity. The Full trace condition exposes prior editing
and local-run behavior, so improvements in local-run agreement
are partly expected and should be interpreted as activity-shape de-
homogenization rather than as evidence of semantic learner mod-
eling. The No trace condition still includes submitted-code history
and test feedback for visible attempts, so it is not an information-
free baseline. The prediction audit uses a fixed third-attempt setup
and a top-ranked prediction view; other deployment choices, such
as using lower-ranked hypotheses, different prompts, or different
output formats, may shift absolute scores. Because requests used
API-default sampling and a single batch run, the reported uncer-
tainty quantifies variation over matched assessment-state scopes,
not run-to-run LLM stochasticity or future model-version changes.
The code-distance sweep helps check whether results depend on
near-identical current code, but the thinnest threshold is too sparse
for scope-cluster inference.

External validity. Because the empirical evidence comes from
one LLM family, one programming environment, and introductory
Python exercises from CodeBench, we frame the results primar-
ily as a demonstration of the matched-peer identity perturbation
protocol and as evidence for this setting, not as a general claim
about all LLM student models. The final prediction audit empha-
sizes common assessed states where at least two students can be
matched, so it does not cover every kind of novice programming

behavior. The narrative and prediction analyses are two analytic
lenses on the same study family: the narrative audit establishes
personalized-looking prose, while the matched-peer prediction au-
dit tests a stricter targeting claim. We do not generalize from this
evidence to all LLM tutors, all programming courses, or all forms
of educational personalization.

8 Conclusion
LLM studentmodels can sound personalizedwithout demonstrating
student-specific prediction. In CodeBench, No trace predictions
over-collapse most clearly in activity shape. Traces reduce that
collapse and improve some coarse repair-shape discrimination, but
do not reliably add targeting of code content, edit locations, or
identifiers.

This audit is best used as a validation layer, not as a replacement
for studies of usefulness or learning outcomes. A system may still
be useful while failing fine-grained targeting, but it should then
be described as state-aware rather than strongly student-specific.
Future evaluations should vary history depth, model snapshots,
and matching strictness while reporting how many students and
matched scopes remain at each layer. Doing so makes the history-
versus-yield tradeoff explicit and separates evidence for coarse state
adaptation from evidence of learner-specific modeling.

For computing education researchers and tool designers, the
implication is direct: validate personalization under perturbation.
Pair students at the same current assessment state, compare predic-
tions against matched peers, and specify the granularity of student-
specific signal that is actually supported. This separates outputs
that merely vary across histories from outputs that are warranted
as learner-specific.
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