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Abstract

Predicting the difficulty of open-ended assess-
ment items from only a handful of labeled ex-
amples is a central challenge in educational
measurement. Simulation-based methods ad-
dress this low-resource setting by generating a
population of synthetic student responses, scor-
ing them, and fitting an item response theory
(IRT) model to recover the item’s difficulty.
Their accuracy, however, hinges on a simula-
tor whose response quality faithfully tracks the
prompted student ability, a relationship that su-
pervised finetuning (SFT) captures only weakly.
We present CAP (Cross-Ability Preferences),
which aligns a large language model (LLM)
student simulator with direct preference opti-
mization (DPO) over preference pairs formed
directly from students’ IRT ability gaps: con-
ditioned on a student’s ability, that student’s
real response is preferred over a response by
a student of a sufficiently different ability on
the same item. On the CodeWorkout pro-
gramming dataset, CAP surpasses all direct
difficulty-prediction baselines, and at the 1B
scale it outperforms the state-of-the-art simula-
tor SMART on every difficulty metric while
generating more distributionally realistic re-
sponses; at 3B it performs comparably.

1 Introduction

Estimating the difficulty parameters of assessment
items is one of the most difficult problems in com-
putational educational measurement (AlKhuzaey
et al., 2024). Item difficulty, which captures how
challenging a question is for a population of stu-
dents, is a core parameter of item response theory
(IRT) (Rasch, 1960; Lord, 1980) and underpins
many downstream applications, including adaptive
testing, personalized item recommendation, and
curriculum design. Traditionally, an item’s dif-
ficulty is estimated using field testing, which in-
volves exposing the item to many real students and
fitting an IRT model to their responses. Apart from

being costly and time-consuming, this approach
presents a security challenge in high-stakes settings
and, more fundamentally, cannot be applied to new
items in the cold-start setting, where an item must
be calibrated before any student has answered it.

A growing body of work predicts item diffi-
culty directly from item text, using large language
models (LLMs) and handcrafted linguistic fea-
tures (AlKhuzaey et al., 2024; Benedetto et al.,
2021; Gombert et al., 2024). These methods work
well for multiple-choice questions when a large
bank of previously calibrated items is available
to learn from. However, their only training sig-
nal is the observed item difficulties, so they require
many labeled items and degrade in the low-resource
regime of only a handful of items.

An appealing alternative is to simulate student
responses. Rather than predicting difficulty from
item text alone, these methods generate a popula-
tion of synthetic responses to the item, score them,
and fit an IRT model to the resulting scores to re-
cover the item’s difficulty (Lalor et al., 2019; He-
Yueya et al., 2024; Scarlatos et al., 2025). Because
they couple the item’s content with simulated re-
sponse behavior, such methods remain effective
even when very few labeled items are available,
which makes them well suited to the low-resource
setting. Their central challenge is to make the simu-
lated responses faithfully reflect a prompted student
ability: the difficulty estimate is only as good as
the simulator’s capacity to mimic how students of
different ability would actually answer.

This challenge is especially acute for open-ended
items, such as programming problems, where a re-
sponse is free-form (e.g., a code submission) and
graded for partial correctness, and where even stu-
dents of similar ability produce highly diverse an-
swers. A simulator finetuned only to imitate real re-
sponses conditions weakly on the prompted ability,
since its objective rewards reproducing response
text rather than tying response guality to ability.
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Figure 1: The CAP pipeline: an ability-conditioned LLM simulator S(-) generates student responses to an unseen
item, a scoring model R(-) scores them, and an IRT model I(-) is refit on the scores to estimate the item’s difficulty.

The central question we address is how to make the
simulator’s response quality follow the prompted
student ability without costly additional machinery.
We provide an expanded discussion of related work
in Appendix A.

1.1 Contributions

In this paper, we present CAP ! (Cross-Ability
Preferences), a method for aligning an LLM-based
student simulator so that the quality of its gener-
ated responses tracks the prompted student ability.
A simulator trained only by supervised finetuning
(SFT) conditions weakly on ability; CAP instead
aligns it with direct preference optimization over
pairs that contrast the real responses of students
of different abilities, selected directly by their IRT
ability gap. This explicit, ability-contrastive signal
is precisely what SFT lacks. Our main contribu-
tions are as follows:

1. We form cross-ability preference pairs di-
rectly from students’ IRT abilities (pairing
each response against a response by a student
of a sufficiently different ability), and show
that this pairing, trained with standard DPO
and no additional loss machinery, improves a
simulated-student difficulty predictor.

2. We conduct extensive experiments on the pub-
lic CodeWorkout programming dataset at two
model scales (1B and 3B), against a variety of
direct and simulation-based baselines.

3. CAP outperforms
prediction baselines.

all direct difficulty-
At the 1B scale it

'Code: https://github.com/umass-ml4ed/cap

outperforms the state-of-the-art SMART
on every difficulty-prediction metric and
generates more distributionally realistic
responses; at 3B it performs comparably.

2 Background: Item Response Theory

Item response theory (IRT) (Rasch, 1960; Lord,
1980) is a framework for jointly estimating scalar-
valued student abilities and item parameters from a
set of scored student responses to items. Each stu-
dent j is represented by a scalar ability §; € R and
each item ¢ by a scalar difficulty b; € R, where a
correct response becomes more likely as a student’s
ability grows relative to an item’s difficulty. The
simplest model, the one-parameter logistic (1PL)
or Rasch model, gives the probability of a correct
(binary) response as

P (yij 1 0;) = o(0; — by), (1)

where o (-) is the logistic function.

The student responses we work with are open-
ended and graded on a continuous scale, i.e., y;; €
[0, 1], so that a response may be partially correct
rather than strictly right or wrong. Following Scar-
latos et al. (2025), we model each response score
with a continuous Bernoulli distribution (Loaiza-
Ganem and Cunningham, 2019), which extends the
1PL model to continuous-valued outcomes:

PP™ (5 | 6;) =
P/P(y=116;)% P/"(Y=0]06;)""". (2)
3 Problem Formulation

We assume access to a dataset of human-scored stu-
dent responses to open-ended items. Each item ¢
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Figure 2: CAP’s cross-ability preference pair, formed
offline from real student responses: the chosen r, by a
student of ability 6, is preferred over the rejected r;, by
a student of a sufficiently different ability (more or less
able), |0, — 0| > ~. During DPO, both responses are
conditioned on the same prompt (specifying ability 6,,).

is associated with question text g;, optional meta-
data m; (e.g., reference solutions), and a set of
human-scored responses D; = {(r;;,yij) }, where
y;j is the score that student j received for re-
sponse 7;;. Fitting an IRT model to all responses
yields ground-truth student abilities 6; and item
difficulties b;. Our goal is to predict the difficulty
b; of a previously unseen item, before any student
has responded to it.

4 Methodology

Our method, CAP, predicts the difficulty of an
unseen item without collecting any real student
responses to it. Following a setup similar to
SMART (Scarlatos et al., 2025) and as illustrated
in Figure 1, it proceeds in three stages, each param-
eterized by a learned model: a student simulator
S(-), a generative LLM that produces a population
of student responses to the item, each response
conditioned on its own sampled student ability; a
scoring model R(-), a generative LLM that scores
the simulated responses; and an IRT model I(-),
which we refit on the resulting scores to estimate
the item’s difficulty. The crux of CAP is how we
train the simulator S(-) so that the quality of the re-
sponses it generates faithfully follows the prompted
ability, which we detail in Section 4.2.

4.1 Student Simulator

We parameterize the student simulator S(-) with a
generative LLM and finetune it to generate a stu-
dent’s response given the item and a target ability.
For item 7 and a student of ability ;, we construct
an input prompt from the question text g;, the meta-

data m;, and the ability 6; (encoded as its numeric
value rounded to four decimals); we then train the
model by supervised finetuning (SFT) to maximize
the likelihood of the ground-truth response r;;. The
exact prompt is given in Appendix E.

Although 6; appears in the prompt, SFT ties re-
sponse quality to ability only implicitly and weakly,
for three reasons: (i) its objective maximizes the
likelihood of the response text, with no term forc-
ing response quality to increase with 0; (precisely
what the 6-Align metric of Section 5.2 measures);
(ii) the high variance of real responses at any single
ability makes adjacent-ability distributions overlap,
so only well-separated abilities are reliably distin-
guishable; and (iii) ; is a lone scalar in a long
prompt, so the loss can be driven down by mod-
eling ability-agnostic code structure while barely
attending to it. The SFT simulator therefore fol-
lows the prompted ability poorly.

4.2 CAP: Cross-Ability Preferences

To supply the ability signal SFT lacks (above), we
align the simulator with direct preference optimiza-
tion (DPO) (Rafailov et al., 2023), continuing train-
ing from the SFT simulator and keeping it frozen
as the reference policy. What sets CAP apart is
how it forms the preference pairs; the rest is a stan-
dard DPO recipe. The guiding intuition is simple:
when prompted at a given ability, the simulator
should answer the item as a real student of that abil-
ity would, and unlike a student of a very different
ability. We form preference pairs offline from real
student responses: for a response r, written by a
student of ability 6,, we take r, as the preferred
(chosen) response and pair it with a dispreferred
(rejected) response 1y, a real response by a student
of a sufficiently different ability (more or less able),
|0a — 0p| > ~v (Figure 2). Preferring the response
that matches the prompted ability over one from a
far-different ability is what drives the simulator’s
response quality to follow that ability. Concretely,
for a chosen response r, the set of admissible re-
jected responses to the same item is

R(Ta) = {Tb : |0a - 9b| > ’7}a 3)

from which we sample up to m to form preference
pairs with r,. The cross-ability contrast is thus
formed directly from the student-ability gap, requir-
ing only real student responses and their IRT abili-
ties, with no response scoring, likelihood computa-
tion, or other auxiliary machinery. SMART (Scar-
latos et al., 2025) instead forms its pairs from an
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IRT-likelihood gap on a response’s score; since
that likelihood is only a score-mediated proxy for
ability, it contrasts ability indirectly, whereas CAP
does so directly. We train on these pairs with the
standard DPO objective (Rafailov et al., 2023), con-
ditioning both the chosen and rejected response on
the same prompt (specifying ability 6,,).

4.3 Scoring Model

To estimate item difficulty from simulated re-
sponses we must score them, including responses
to items not seen during training. We parameterize
the scoring model R(-) with a generative LLM and
finetune it to predict a response’s score from the
question g;, the metadata m;, and the response r;;
(prompt in Appendix E). Because CodeWorkout
scores are continuous, we read a score by interpo-
lating between the logits of the “1” and “0” tokens
at the answer position, following SMART (Scar-
latos et al., 2025),

gij = o(R(1 | zg5) — R(0 | z35)), (4

where z;; is the scoring prompt and R(- | z;;) its
output logits. We train with binary cross-entropy
against the ground-truth scores.

4.4 Simulation-Based Difficulty Prediction

As illustrated in Figure 1, with the trained simula-
tor and scorer in hand we predict an unseen item’s
difficulty as follows. We first draw a population
of n simulated students whose abilities match the
training-set ability distribution. For each drawn
ability, we prompt the simulator S(-) to generate a
response to the test item using nucleus sampling,
and score it with R(-). We then refit the IRT model
I(-) on these scored simulated responses and take
the resulting estimate b; as our predicted difficulty
for the item. We defer the details of ability sam-
pling and IRT refitting to Appendix B.

5 Experimental Evaluation

5.1 Datasets

We evaluate on CodeWorkout (DataShop, 2021),
a popular and publicly available dataset of stu-
dent submissions to introductory Java program-
ming problems, originally released for the 2nd
CSEDM Data Challenge (Organizers, 2021). This
dataset, used for student modeling in open-ended
programming tasks (Duan et al., 2026a, 2025; Fer-
nandez and Lan, 2024), comprises 50 problems;
following common practice (Duan et al., 2026b),

we keep only each student’s first attempt at each
problem, yielding 10,834 responses from 246 stu-
dents. Each response received a continuous score
yi; € [0,1] equal to the fraction of unit tests it
passed. As item metadata m;, we include two
reference solutions per problem, generated by the
LLM-based method of Duan et al. (2026b), fol-
lowing SMART (Scarlatos et al., 2025), which
likewise provides such reference solutions as addi-
tional context to the simulator and scorer. We fit a
continuous-Bernoulli IRT model to all responses
to obtain ground-truth abilities 6; and difficulties
b;, and split the items into difficulty-stratified 5-
fold cross-validation folds (60/20/20 train/valida-
tion/test). To prevent leakage from unseen items,
we fit three separate IRT models, on the train, train-
plus-validation, and full data, used respectively to
obtain the abilities that condition the simulator, as
the validation-time ground truth, and as the test-
time ground truth. We provide further details on
the data and cross-validation splits in Appendix C
and on IRT fitting in Appendix B.4.

5.2 Metrics

We assess two aspects of each method. For item
difficulty prediction, following Scarlatos et al.
(2025), we report the Pearson correlation coeffi-
cient (PCC) and Spearman rank correlation co-
efficient (SCC) between predicted and ground-
truth item difficulties, together with the root-mean-
square error (RMSE). For response simulation
quality, we measure how faithful the generated
responses are to real student ones. Following Scar-
latos et al. (2025), we report 8-Align, the Spear-
man correlation between a simulated student’s in-
put ability and the predicted score of its generated
response, which captures how well the simulator
follows the prompted ability. We also compare
the generated and real response distributions in
a sentence-embedding space (SBERT (Reimers
and Gurevych, 2019)) using MAUVE (Pillutla
et al., 2021), FID (Heusel et al., 2017), and Div.
KL (Bui et al., 2025), the KL divergence between
histograms of pairwise response similarity.

5.3 Baselines

Following prior work (Scarlatos et al., 2025), we
compare CAP against two families of baselines;
exact hyperparameters and implementation details
for all of them are in Appendix B.
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Method PCC 1 SCC 1t RMSE |
Direct Item Difficulty Prediction
Diff SFT (MOdeI’l’lBERT) 0.295i().14 0-353i0.18 0.660i0406
Random Forest (SBERT) 0.31340.38 0.350+0.46 0.63340.18
kNN Mean (SBERT, k:5) 0.225i0.32 0.238i040 0.683i0413
ICL Random (Llama-3.1-70B) —0.02540.30 —0.05140.33 0.7884+0.12
ICL kNN (Llama-3.l-70B, k:2) 0-193i0,28 0.153i()‘33 0.700i0411
Student Simulation (LLlama-3.2-1B)
Response Gen ZS 0.26940.34 0.358+0.23 0.659+0.15
Response Gen SFT 0.364+0.12 0.307+0.18 0.627+0.06
SMART 0.404 1 o6 0.375, ¢ .26 0.595, ¢ 14
CAP (ours) 0.428.40.19 0.469.40.18 0.5904+0.10
Student Simulation (Llama-3.2-3B)
Response Gen ZS 0.29040.22 0.29240.25 0.658+0.10
Response Gen SFT 0.39240.22 0.273+0.13 0.607+0.12
SMART 0.516j:0.34 0.532:]:0,29 0-528i0.18
CAP (ours) 0.493 15 0.508, 4 09 0.559, ¢ 09

Table 1: Item difficulty prediction on CodeWorkout (5-fold CV, mean_yq across folds). Higher PCC/SCC and lower
RMSE are better; among the simulation methods, best and second best per scale block are marked. CAP is best

among 1B methods on all three metrics; at 3B SMART

Direct difficulty prediction. These methods pre-
dict difficulty from item text alone. Diff SFT
finetunes ModernBERT-base (Warner et al., 2024)
to regress item difficulty. Random Forest and
kNN Mean (k=5) operate on SBERT (Reimers
and Gurevych, 2019) embeddings of the item, the
former fitting a regressor and the latter averag-
ing the difficulties of the nearest training items.
ICL Random and ICL kNN prompt Llama-3.1-
70B-Instruct (Grattafiori et al., 2024) with k=2 in-
context examples (selected at random or by SBERT
similarity, respectively) and chain-of-thought rea-
soning before predicting a difficulty.

Simulation-based. These methods follow the
same simulate-score-fit pipeline as CAP. Response
Gen ZS prompts the base LLM zero-shot, mapping
abilities to ten descriptive buckets. Response Gen
SFT is the SFT simulator of Section 4 without pref-
erence alignment. SMART (Scarlatos et al., 2025)
adds DPO over pairs selected by the IRT likelihood
of a response’s score under the prompted ability.

5.4 Experimental Setup

We use Llama-3.2-Instruct (Grattafiori et al., 2024)
as the base model for both the simulator and
the scorer, loaded in bfloat16 and finetuned with
LoRA (Hu et al., 2022), and run all experiments at
both 1B and 3B parameters to study how the meth-
ods scale. For CAP we set the ability-gap threshold
v to 1.5 (1B) and 3.0 (3B); the number of rejected
responses per chosen response, m (1 at 1B, 5 at
3B), sets the pair count, which we cap for fairness
so it does not substantially exceed SMART’s per-

is best.

fold budget. All simulation-based methods (Re-
sponse Gen SFT, SMART, and CAP) share the
same SFT simulator and scoring model, and CAP
uses the same standard DPO loss as SMART. Be-
cause the original SMART code was not released,
our SMART and all other baselines are indepen-
dent reproductions from its published description;
on the difficulty-prediction metrics, the task we
ultimately care about, our reproduction matches
or exceeds the originally reported SMART num-
bers at both model sizes, giving us confidence that
the comparison is faithful. We report all results
as the mean and standard deviation over the five
cross-validation folds; full hyperparameters and
inference settings are in Appendix B.

6 Results, Analysis, and Discussion

6.1 Quantitative Results

CAP outperforms direct baselines. As Table 1
shows, the direct text-based methods are weak on
programming difficulty: the best of them (Random
Forest, Diff SFT) reaches a PCC of only ~ 0.31
with very large variance, while ICL Random hovers
near zero. CAP comfortably surpasses them on
every metric at both model sizes.

Student simulation is essential in the low-
resource setting. With only ~50 items, the direct
methods have too little signal to learn from, since
their supervision is the item difficulties alone. The
simulation pipeline instead recovers difficulty from
the content of generated responses, coupling item
text with response behavior, which is what lets it

336



Method MAUVE 1 FID | Div. KL | 0-Align
Student Simulation (Llama-3.2-1B)

Response Gen ZS 0.00410.00 0.3441002 0.92910.35 0.02140.01

Response Gen SFT  0.188.007 0.028:001 0.0291¢.02 0.22540.03

SMART 0.13410.08  0.05040.03  0.07110.00 0.58110.13

CAP (ours) 0.168, 05 0.035,, o, 0.036, ¢ o2 0.490_ ¢ 15
Student Simulation (Llama-3.2-3B)

Response Gen ZS 0.004+0.00 0.38140.02 0.79440.37 —0.07440.02

Response Gen SFT  0.216+0.07 0.023+0.01 0.030,, ¢, 0.296+0.03

SMART 0.122,,03 0.038,,,; 0.02710.01 0.668 .10

CAP (ours) 0.108+0.02 0.04640.01 0.04340.01 0.68140.03

Table 2: Simulation quality on CodeWorkout (5-fold CV, mean g across folds). Best and second best per scale
block are marked. Unaligned SFT is most realistic but conditions poorly on ability (low #-Align); among aligned
simulators, CAP improves realism over SMART at 1B while trading 6-Align, and attains the highest #-Align at 3B.

generalize from so few items.

CAP outperforms SMART at 1B and is compa-
rable at 3B. At 1B, CAP is the best simulation
method on all three difficulty metrics (PCC 0.428
vs. SMART’s 0.404, SCC 0.469 vs. 0.375, and a
lower RMSE). At 3B the two perform compara-
bly: CAP’s PCC and SCC means are marginally
lower (0.493 vs. 0.516 PCC). More broadly, cross-
ability preferences help most at the smaller model
scale and perform on par with the state of the art
at the larger scale. This 1B advantage is specific
to the few-pair regime: CAP uses a single rejected
response per chosen response (m=1), and raising
m until the pair count matches SMART’s lowers
CAP below SMART at 1B. We attribute this to a
regularization effect: the few, gentle cross-ability
contrasts at =1 suit the smaller model, whereas
the 3B model benefits from more pairs (m=>5). We
emphasize that, with only ~10 test items per fold,
the per-fold standard deviation is large; none of
these differences is statistically significant, and we
report means for comparison.

Cross-ability pairing improves distributional re-
alism while trading ability alignment. Table 2
compares the simulators’ response distributions.
Among the aligned simulators, CAP improves over
SMART at 1B on all three distributional metrics
(MAUVE, FID, and Div. KL), but at a lower 6-
Align (0.490 vs. 0.581): its responses are more
realistic in aggregate yet slightly less monotoni-
cally tied to the prompted ability. At 3B the picture
reverses on 6-Align, where CAP is highest (0.681
vs. 0.668), though SMART is more realistic dis-
tributionally. The unaligned SFT simulator is the
most realistic of all but conditions poorly on ability,
confirming that distributional realism and ability
alignment are distinct axes.

6.2 Qualitative Evaluation

To complement the quantitative results, we inspect
the simulated responses and find that CAP’s gen-
erations exhibit the features one would expect of a
student at the prompted ability, mirroring real stu-
dent submissions. At low ability, CAP tends to pro-
duce incomplete or buggy code (missing return
statements, undeclared variables, or incorrect logic)
that earns little credit; at medium ability, the code
has the right overall structure but contains a sub-
tle bug and earns partial credit; and at high ability,
the code is clean and correct, often factoring out a
helper function. As a result, the predicted score of
CAP’s generations rises with the prompted ability,
the qualitative counterpart of its high #-Align. The
SFT simulator, by contrast, generates code whose
quality is largely decoupled from the conditioned
ability, sometimes producing a fully correct solu-
tion at low ability and a broken one at high ability.
We provide a side-by-side example on a represen-
tative CodeWorkout item in Appendix D.

7 Conclusions and Future Work

We presented CAP, which aligns an LL.M-based
student simulator for item difficulty prediction by
forming DPO preference pairs that contrast the re-
sponses of students of different abilities, selected
directly by their ability gap. On CodeWorkout,
this pairing outperforms all direct baselines and
improves over the state-of-the-art SMART at 1B,
while performing comparably at 3B. We leave ex-
tending the approach to other domains and larger
student simulators, and exploring online preference
pair generation, for future work.
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Limitations

Our work has several limitations. First, we evalu-
ate on a single public dataset (CodeWorkout) with
only ~50 items, which yields large per-fold vari-
ance (~10 test items per fold); consequently, our
gains over SMART are not statistically significant,
and the comparison rests on mean performance.
Second, we restrict the student simulator to 1B
and 3B models, and whether the approach scales
to larger simulators is untested. Third, response
simulation quality remains an open challenge: the
unaligned SFT simulator produces the most distri-
butionally realistic responses, leading both CAP
and SMART on MAUVE and FID at both scales,
so the realism of aligned simulators has substantial
room to improve.
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A Related Work

A.1 Direct Item Difficulty Prediction Methods

Item difficulty prediction has been studied exten-
sively (AlKhuzaey et al., 2024), most often for
multiple-choice questions (Yaneva et al., 2024;
Feng et al., 2025). Approaches range from re-
gression on handcrafted linguistic features (Byrd
and Srivastava, 2022) to finetuned pretrained en-
coders such as BERT (Benedetto et al., 2021;
Gombert et al., 2024) and specialized neural ar-
chitectures (Huang et al., 2017). All predict dif-
ficulty from item text alone, supervised entirely
by observed item difficulties, so they are most ac-
curate with a large bank of labeled items. In the
low-resource regime we target (only tens of items),
this signal is too sparse, and our experiments (Sec-
tion 6) confirm that every such baseline is sub-
stantially outperformed by our method, CAP, on
programming items.

A.2 Simulation-Based Item Difficulty
Prediction Methods

A growing body of work predicts item difficulty by
simulating student responses and fitting an IRT
model to the simulated outcomes (Lalor et al.,
2019; He-Yueya et al.,, 2024; Scarlatos et al.,
2025). These methods overgenerate responses,
using ensembles of language models, simulators
finetuned on students’ prior responses, Or persona-
and psychometric-style prompting (Zelikman et al.,
2023; He-Yueya et al., 2024), and recover difficulty
from the aggregated scores. Because they couple
item content with response behavior, they remain
effective with few labeled items, which is why we
adopt this paradigm. In the same open-ended cod-
ing setting, KASER (Duan et al., 2026a) also aligns
an LLM to simulate student responses, but targets
reproducing student errors rather than predicting
item difficulty.
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Closest to our work is SMART (Scarlatos et al.,
2025), which we build upon. SMART aligns its
simulator with DPO over preference pairs selected
by the IRT likelihood of a response’s score under
the prompted ability; since score correlates with
ability, it contrasts abilities only indirectly, medi-
ated by the score. CAP instead forms cross-ability
pairs directly from the student-ability gap, requir-
ing no response scoring or IRT-likelihood compu-
tation, and otherwise trains with the same standard
DPO loss, making its alignment signal both simpler
to construct and more directly tied to ability.

B Experimental Details

B.1 Student Simulation

We parameterize both the student simulator and
the scoring model with Llama-3.2-Instruct (1B and
3B), loaded in bfloat16 and finetuned with LoRA
(rank 128, =64, dropout 0.05) applied to all at-
tention and MLP projections. We finetune the sim-
ulator for 3 epochs with AdamW at a learning rate
of 5 x 1075, linear warmup over the first 10% of
steps, weight decay 10~2, gradient clipping at 1.0,
an effective batch size of 64 (micro-batch 8 with
gradient accumulation), and a maximum sequence
length of 1024; the prompted ability 6; is encoded
as its value rounded to four decimals. We finetune
the scoring model with the same LoRA configura-
tion for 5 epochs (AdamW, learning rate 5 x 1075,
effective batch size 64), minimizing binary cross-
entropy between the interpolated score (Eq. 4) and
the ground-truth score.

We then align the simulator with DPO for 1
epoch using 3=0.1, a learning rate of 10~°, and an
effective batch size of 64, keeping the SFT model
frozen as the reference policy. CAP forms cross-
ability pairs with an ability-gap threshold v of 1.5
at 1B and 3.0 at 3B, and samples m rejected re-
sponses per chosen response (m=1 at 1B, m=5 at
3B); the rejected responses are drawn at random
among far-ability responses, and the resulting pair
count is capped so that it does not substantially
exceed SMART’s per-fold budget. The DPO loss
itself is the standard one, identical to SMART’s; the
methods differ only in which responses are paired:
SMART instead selects negatives using an IRT-
likelihood threshold tuned on validation per scale
(e=0.2 at 1B and 0.5 at 3B, with m=3 negatives
per positive).

For the 3B models we reduce the per-device
batch sizes through gradient accumulation (micro-

batch 4 for the simulator and scorer, 2 for DPO, and
a generation batch of 32) to fit on a single NVIDIA
L40S 48 GB GPU, while preserving the effective
batch size.

At inference we draw n=1000 simulated stu-
dents per item (their abilities sampled from a 50-
bucket histogram of the training-set abilities) and
generate one response per student with nucleus
sampling (1T'=0.7, p=0.95), decoding up to 500
new tokens.

B.2 Baselines

Diff SFT finetunes ModernBERT-base with a re-
gression head, minimizing mean-squared error
against item difficulty, for 40 epochs with AdamW
at a learning rate of 2 x 107° and a maximum
sequence length of 1024. Random Forest and
kNN Mean operate on SBERT embeddings of the
item (its question text and reference solutions): the
former fits a scikit-learn random-forest regres-
sor with max_features set to the training-set size
and otherwise default settings, and the latter pre-
dicts the mean ground-truth difficulty of the k=5
nearest training items by cosine similarity. ICL
Random and ICL kNN prompt Llama-3.1-70B-
Instruct (loaded in 4-bit NF4) with k=2 in-context
examples (chosen at random or by SBERT sim-
ilarity, respectively) and ask it to reason step by
step before emitting a line of the form “Difficulty:
(number)”, which we parse. Response Gen ZS
uses the untrained base LLM, mapping each abil-
ity to one of ten descriptive buckets ranging from
“Minimal” (§<—2.5) to “Mastery” (#>2.5), and
otherwise reuses the same scoring model and IRT
pipeline as the trained simulators.

We use the multi-qa-mpnet-base-dot-v1
SBERT model for all embeddings (random forest,
kNN, ICL-kNN retrieval, and the simulation met-
rics). The simulation-quality metrics are computed
as follows: MAUVE using its official implemen-
tation; FID as the Fréchet distance between Gaus-
sians fit to the unit-normalized SBERT embeddings
of the generated and real responses; Div. KL as the
KL divergence between 50-bin histograms of the
pairwise cosine similarities within each set; and
#-Align as the Spearman correlation between each
simulated student’s input ability and the predicted
score of its generated response.

B.3 Difficulty Normalization

Following prior work (Scarlatos et al., 2025), for all
methods (including the baselines) we transform the
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predicted item difficulties to have the same mean
and standard deviation as the training-set ground-
truth difficulties; this improves the error metrics
when predictions are correlated with but shifted
or scaled relative to the ground truth. Concretely,
each prediction is rescaled as

l;i — ger (i)z - ,upred) + Uar, (5)
Opred

where fipred and opreq are the mean and standard
deviation of the predicted difficulties and ugr, oGt
those of the training-set ground-truth difficulties.
We apply this transformation identically to every
method, so it does not affect the comparison be-
tween them.

B.4 IRT Model

We model item responses with a continuous-
Bernoulli 1PL (Rasch) model; for identifiability
we impose a location constraint, shifting the pa-
rameters so that the mean student ability is zero.
We fit the ground-truth abilities and difficulties
by maximum likelihood over all responses, using
AdamW with a learning rate of 1073, no weight
decay, a batch size of 256, for 200 epochs; we omit
the continuous-Bernoulli normalizing constant and
optimize the unnormalized log-likelihood, equiv-
alently a soft-label binary cross-entropy. At infer-
ence, to estimate the difficulty of an unseen item,
we hold the (rounded) simulated-student abilities
fixed and recover the single item difficulty b; by a
one-dimensional Newton’s method; the objective is
convex in b;, so this converges reliably. Following
SMART (Scarlatos et al., 2025), we round each sim-
ulated student’s ability to one decimal place when
linking responses; this keeps the number of distinct
ability parameters small, so that each ability value
is shared by many simulated students when we refit
the item difficulty.

Following prior work (Scarlatos et al., 2025), to
prevent leakage from the test items we fit three sep-
arate IRT models per fold: one on the training items
only (used to obtain the abilities that condition the
simulator), one on the training plus validation items
(used as the validation-time ground truth), and one
on all items (used as the test-time ground truth), so
that the validation and test targets never influence
each other.

C Dataset Details

CodeWorkout is a publicly available dataset of
student submissions to 50 introductory Java pro-

gramming problems, released for the 2nd CSEDM
Data Challenge. Students may submit multiple
times after receiving autograder feedback; follow-
ing common practice we keep only each student’s
first submission per problem, which yields 10,834
responses from 246 students. Each submission
receives a continuous score in [0, 1] equal to the
fraction of the problem’s unit tests that it passes.
As item metadata we attach two reference solutions
per problem, generated by the LLM-based method
of Duan et al. (2026b).

We split the 50 items into five cross-validation
folds as follows. We sort the items by their ground-
truth difficulty and partition them into ten difficulty
buckets of at most five items each; we then build a
difficulty-stratified ordering by repeatedly drawing
one item from each bucket in turn; rotating this
ordering yields the five test sets (20% each), which
partition all items. Within each fold, the remaining
items are split 60/20 into train and validation, with
validation taken at evenly spaced points along the
difficulty-sorted remainder. This guarantees that
every item is the test item of exactly one fold and
that difficulty is balanced across the splits.

D Qualitative Examples

This appendix complements the 6-Align metric
(Section 5.2) with a concrete, human-readable
comparison. We show simulated student code at
low, medium, and high conditioned ability. We
annotate each snippet so the reader can directly
compare how code quality tracks ability across
sources. We use one cherry-picked CodeWork-
out item (zeroMax, a fold-3 test item, 1B models).
Human responses are real student submissions with
ground-truth autograder scores; CAP and SFT re-
sponses are generated by the respective simulator
and scored by our LLM scorer (the same one used
for difficulty estimation). For generated code 6 is
the ability the simulator was conditioned on; for
human code it is the student’s IRT-estimated ability
(train-only fit).

Item. Return a version of the given array where
each zero is replaced by the largest odd value to its
right; if there is no odd value to the right, leave the
zero. A helper function may be used.

Table 3 summarizes the scores: human and CAP

rise monotonically with ability, whereas SFT does
not.
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Source low# mediumé high6
Human (ground truth)  0.00 0.33 1.00
CAP (ours) 0.00 0.50 0.98
SFT 0.94 0.00 0.05

Table 3: Scores for the responses in this example
(ground-truth for human, LLM-scorer-predicted for gen-
erated). Per-item Spearman(6, score) is +0.57 (human),
+0.64 (CAP), 4+-0.17 (SFT).

Human (real students; ground-truth scores).
Low (§=—1.26, score 0.00): the helper correctly
finds the largest odd value to the right, but the main
loop never returns nums, so the attempt produces
no result.

public int[] zeroMax(int[] nums) {
for(int i = @; i < nums.length; i++) {
if(nums[i] == @) { nums[i] =
findBigOne(nums, i); 3}
}
} // no return statement
private static int findBigOne(int[] numar,
int position) {
int biggest = numar[position];
for(int i = position; i < numar.length; i
++)
if(numar[i]l % 2 !'= @ && numar[i] >
biggest) biggest = numar[i];
return biggest;

}

Medium (#=-0.30, score 0.33): finds the max
odd to the right but never writes it back into
nums[i], so only the “no odd to the right” cases
pass.

public int[] zeroMax(int[] nums) {
int oddValue = 0;
for (int i = @; i < nums.length; i++)
if (nums[i] == @)
for (int k = i; k < nums.length;
k++)
if (nums[k] % 2 != 0 &&
oddValue < nums[k]) oddValue = nums[k];
return nums; // oddValue is never
written into nums[i]

}

High (6=+2.17, score 1.00): complete and correct,
finding the max odd to the right, assigning it, and
resetting the accumulator.

public int[] zeroMax(int[] nums) {
int max = 0;
for (int j = @; j < nums.length - 1; j++)
if (nums[j] == 0) {
for (int i = j + 1; i <= nums.
length - 1; i++)
if (nums[i] > max && nums[i]
% 2 ==1) max = nums[i];
nums[j] = max; max = 0;
3

return nums;

CAP (ours; predicted scores) mirrors the hu-
man trend. Low (=—1.76, score 0.00): refer-
ences max0dd, which is never declared, and returns
a fresh all-zero array, an incomplete attempt typical
of a struggling student.

public int[] zeroMax(int[] nums)

{
int[] a = new int[nums.length];
for (int i = @; i < nums.length; i++)
{
if (nums[i] == 0)
{
ali] = maxOdd; // undefined
variable
3
}
return a;
3

Medium (f=+0.11, score 0.50): right shape (loop,
cache, write) but the wrong rule, caching the last
non-zero value to the left rather than the max odd
value to the right.

public int[] zeroMax(int[] nums)

{
int[] arr = new int[nums.lengthl];
int max0dd = 9;
for (int i = @; i < nums.length; i++)
{
if (nums[i] == @)
{
arr[i] = max0dd; // uses
the last non-zero seen to the LEFT
}
else
{
max0dd = nums[i];
}
}
return arr;
3

High (0=+1.33, score 0.98): cleanly factors out
a findMax0dd helper that scans i+1 rightward for
odd values, the most ability-appropriate attempt of
the three.

public int[] zeroMax(int[] nums)

{
int[] result = new int[nums.length];
for(int i = @; i < nums.length; i++) {
if(nums[i] == 0) {
int max = findMaxOdd(nums, i + 1);
if(max !'= @) { result[i] = max; }
else { result[i] = 0; }
}
}
return result;
3
int findMaxOdd(int[] nums, int i)
{

int max = -1;

for(int j =i + 1; j < nums.length; j++)
if(nums[j] % 2 != @) max = Math.max(

max, nums[jl);

return max;
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3

SFT (predicted scores) decouples quality from
ability. Low (=-—1.39, score 0.94): a fully cor-
rect solution, despite the low conditioned ability.

public int[] zeroMax(int[] nums) {
for (int i = 0; i < nums.length; i++)
if (nums[i] == 0) {
int max0dd = 0;
for (int j = i
length; j++)
if (nums[j] % 2 != @) maxOdd
= Math.max(max0dd, nums[j]);
nums[i] = max0dd;

+ 1; j < nums.

}

return nums;

}
Medium (6=-0.25, score 0.00):
max0dd; returns all zeros.
public int[] zeroMax(int[] nums) {
int[] array = new int[nums.length];
for (int i = 0; i < nums.length; i++)
if (nums[i] == @) { array[i] = max0dd;
} // undefined variable
return array;

undeclared

}
High (/=+-0.85, score 0.05): broken at high con-
ditioned ability, taking the first non-zero (not odd)
value and scanning from the start, not to the right.

public int[] zeroMax(int[] nums) {
int[] result = new int[nums.length];
for (int i = 0; i < nums.length; i++)
if (nums[i] == @)
for (int j = 0; j < nums.length;
3+
if (nums[j] !'= @) { result[il]

= nums[j]; break; }

return result;

}

Reading the example. At low ability, both real
students and CAP produce incomplete code with
novice errors (a missing return; an undeclared
variable); at medium ability the structure is right
but a subtle bug remains (the result is never written
back, or the scan runs the wrong direction), earning
partial credit; at high ability the code is clean and
correct, often factoring a helper. CAP thus repro-
duces the ability — code quality — score gradient
of real students, the qualitative counterpart of its
higher #-Align (0.49 vs. 0.23 for SFT at 1B). SFT,
in contrast, decouples quality from the conditioned
ability: here its low-ability sample is fully correct
while its high-ability sample is broken.

Caveats. This example is a single, cherry-picked
item chosen for legibility, not aggregate evidence
(the aggregate claim is carried by #-Align); gener-
ated scores are predicted by the LLM scorer; the
effect is shown at 1B, where CAP’s gains over

SMART occur; and the code is logically verbatim,
with bugs intact, but reindented and annotated with
explanatory comments for legibility.

E Prompts

We list the exact prompts below; {-} denotes a field
filled in per item.

Simulated-student prompt (Response Gen SFT,
SMART, and CAP).

System: You are a student of {ability} ability
responding to a stimulus.

User: Given the following **Stimulus*x, give a
response to the xxquestion**:
*%xStimulus**

Question:
{question}

Reference Solutions:
{reference solutions}

{ability} is the IRT ability 6; as a 4-decimal string;
Response Gen ZS instead uses one of 10 descriptive
buckets (“Minimal”—“Mastery”).

Automated-scoring prompt.

System: You are a teacher scoring student
responses to open-ended questions.

User: Score the student response to the question
by only outputting a single integer between @ and
1 inclusive.

Question:

{question}

Reference Solutions:

{reference solutions}

Student response: {response}

Score:

The continuous score y;; € [0, 1] is read from the
“07/“1” token logits (Eq. 4), rather than by decoding
the integer.

ICL difficulty-prediction prompt (ICL Random,
ICL kNN).

System: You are an expert at estimating the
difficulty of introductory programming questions.
Difficulty is a real-valued IRT parameter
centered near @ (typical range about -2 to 2);
higher means the question is harder for students.
Reason briefly about how hard the question is,
then end your answer with a line exactly of the
form ’Difficulty: <number>’.

User: Here are example questions with their known
difficulties:
Example 1:
{question}
Reference Solutions:
{reference solutions}
Difficulty: {difficulty}
(k in-context examples)
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Now estimate the difficulty of this new question.
Reason step by step, then end with ‘Difficulty:
<number>’.

{question}
Reference Solutions:

{reference solutions}

Each in-context item shows its question text and
reference solutions; we parse the final “Difficulty:’
value from the model’s output.

bl
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