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Large language models (LLMs) are increasingly used to assist students and teachers, yet the benchmarks used to select them
rarely test the school-specific everyday knowledge that student-facing applications draw on. Most benchmarks also score only a
single best answer, even though many commonsense questions admit several plausible responses. We construct a High School
Commonsense dataset of 50 questions covering classroom procedures, laboratory activities, school events, and extracurricular
routines, together with 2,494 free-form student responses (48—50 per question) that serve as a human reference distribution.
Student answers are manually grouped into concept-level clusters (4 to 10 per question). Adapting the Commonsense Frame
Completion (CFC) probabilistic framework, we sample 50 responses per question from each of eight LLMs across four
model families under a single uniform decoding configuration. Model answers are assigned to the student-derived clusters
with a deterministic matcher that routes unmatched answers to an explicit “other” category, and each model is scored by
the Kullback—Leibler (KL) divergence between its output distribution and the student distribution, with bootstrap confidence
intervals computed over both questions and students. Every evaluated model diverges substantially from the student distribution
(mean KL between 0.924 and 1.118), and the differences between models are modest and partly interval-overlapping. Every
model also produces far less diverse answers than the student population (entropy 0.07-0.92 bits versus 2.10 bits), and a
controlled reasoning-effort experiment finds no alignment benefit from additional hidden reasoning tokens on these short-answer
questions. These results are scoped to the studied population and prompt setting. They indicate that strong open-domain
commonsense performance does not guarantee distributional alignment in student-facing settings, and that domain-specific
evaluation over answer distributions is a necessary complement to top-answer accuracy when selecting models for educational
deployment.

Keywords: commonsense reasoning; large language models; probabilistic evaluation; educational NLP; domain-specific
benchmarks; KL divergence

Introduction edge is the shared, broad-scope, and rarely explicitly taught

knowledge of how the everyday world works>” and the ed-

Commonsense reasoning is a critical capability for large lan-
guage models (LLMs) because it supports answer genera-
tion that is fluent and consistent with everyday knowledge '=>.
This capability becomes particularly important in educational
applications, where LLMs are increasingly employed to as-
sist students and teachers: controlled studies document LL.M-
based homework assistance for secondary students* and Al
tutoring in university courses>, tutor-facing copilots have been
deployed on a live K-12 tutoring platform®, and surveys re-
port rapid adoption of such tools among students’. In such set-
tings, commonsense failures directly affect the reliability and
usefulness of model assistance, and such failures are known to
persist in applied task contexts®.

We define educational commonsense as the subset of com-
monsense knowledge. The definition of commonsense knowl-
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ucational subset is the knowledge that concerns the routines,
roles, artifacts, and institutional conventions of formal school-
ing: how classroom procedures unfold, which tools and lo-
cations are typical for school activities, who performs which
roles in school events, and when recurring academic activi-
ties happen. It differs from general everyday commonsense
in two ways. First, it is institutionally conditioned: in the
manner of script knowledge, which describes stereotyped se-
quences of events, roles, and props in particular contexts ',
and of social norms that are conditioned on the setting and
the agents’ roles!!, the plausible answers are constrained by
school conventions rather than by physics or universal social
norms. Second, it is population-relative: just as commonsense
assumptions have been shown to differ across cultures and
communities '>13, what is typical differs across schools and
student communities, so the appropriate reference is a distri-

© The National High School Journal of Science 2026

NHSJS Reports | 1



bution over answers produced by students in a given school
context, not a single gold label. This second property is what
makes distributional evaluation, rather than top-answer accu-
racy, the natural measurement tool.

Despite this importance, current commonsense benchmarks
have two key limitations for evaluating educational contexts.
First, widely used datasets such as ATOMIC?Z, SocialIQA14,
and CommonsenseQA ! primarily target general everyday sit-
uations, and offer limited coverage of the school-specific pro-
cedural norms, classroom rules, event logistics, and extracur-
ricular activities that are central to student life33. Second,
most benchmarks emphasize top-answer accuracy, evaluating
only the single best model output against a small set of ref-
erences. This evaluation can be misleading for commonsense
reasoning because many commonsense questions have multi-
ple plausible answers, and a model may generate diverse yet
reasonable completions that a single-reference metric cannot
credit. An important exception is Commonsense Frame Com-
pletion (CFC), which explicitly evaluates answer distributions
by collecting multiple plausible human completions and com-
paring model output probabilities under a probabilistic evalu-
ation framework 3.

To address these limitations, we propose a high-school-
focused commonsense evaluation that combines a domain-
specific dataset with distributional assessment. We first con-
struct a High School Commonsense dataset that targets real-
istic scenarios in classroom procedures, laboratory settings,
school events, and extracurricular activities. We then adapt
the CFC probabilistic evaluation methodology ' to this do-
main by sampling multiple model responses and analyzing the
resulting distribution of answers, rather than relying on a sin-
gle output. Relative to the originally submitted version of this
work, the dataset has been expanded five-fold (from 10 to 50
questions and from 171 to 2,494 student responses), all mod-
els are re-evaluated under a single uniform decoding config-
uration, and every aggregate result is reported with bootstrap
confidence intervals. Throughout, claims are scoped to the
studied questions, prompt setting, and student population.

Our contributions are:

[leftmargin="*]

* We introduce a High School Commonsense dataset of 50
questions covering realistic scenarios relevant to student
life, balanced across five missing-slot types, with 2,494
manually clustered student responses that serve as the hu-
man reference distribution (K from 4 to 10 per question);
cluster listings, adjudication rules, and a change log are
released with the paper.

* We adapt the CFC probabilistic evaluation framework to
high school contexts with a fully specified clustering and
assignment pipeline, including an explicit “other” cate-
gory for unmatched model answers, a validation of the

deterministic matcher against an embedding-based as-
signment, a comparison of KL against Jensen—Shannon
divergence, total variation, and earth mover’s distance,
and a smoothing sensitivity analysis.

* We benchmark eight state-of-the-art LLMs spanning the
OpenAl, Anthropic, DeepSeek, and Meta model fami-
lies under a uniform decoding configuration, with boot-
strap confidence intervals over questions and students, an
embedding-clustering baseline that tests sensitivity to our
annotation choices, and a controlled reasoning-effort ex-
periment with logged hidden-reasoning-token counts.

* Beyond aggregate scores, we report per-question break-
downs, diversity and entropy metrics, a sample-
sufficiency analysis, and a deterministic rule-based be-
haviour taxonomy that replaces subjective failure label-
ing, offering a richer picture of model-student alignment
than aggregate scores alone.

Related Work

Commonsense evaluation. Benchmarks such as Common-
senseQA !, ATOMIC?, and SociallQA'* established large-
scale commonsense testing but score a single reference an-
swer; surveys highlight both saturation and validity concerns 3,
and CRoW shows that commonsense failures persist in ap-
plied task contexts®. Recent work argues more broadly that
single-label formats misrepresent tasks whose human answers
are legitimately plural: language models struggle to model
ambiguity !¢, and forced-choice evaluation itself distorts what
generative models know!”. CFC! is closest to our setting,
since it treats each question as inducing a distribution over an-
swer concepts and scores models by divergence from the hu-
man distribution. We adapt CFC from open-domain prompts
to the high school domain and to a student reference popula-
tion.

Distributional and pluralistic evaluation. A growing line
of work argues that LLMs should be evaluated against distri-
butions of human responses rather than single labels. Opin-
ionQA measures whose opinions models reflect '3, pluralistic
alignment charts a roadmap for representing disagreement ',
and recent benchmarks directly measure distributional align-
ment and whether reasoning helps models capture annotator
disagreement?*2!. QOur study instantiates this program in an
educational domain with a student reference population.

Educational NLP evaluation. Education-specific evalua-
tions of LLMs include K-12 subject benchmarks??, analyses
of whether models err like students?3, and taxonomies for as-
sessing the pedagogical ability of Al tutors?*. These works
measure subject knowledge or tutoring quality; none measures
whether a model’s everyday answers match the distribution of
a student population, which is our focus.
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Pedagogical alignment and tutoring systems. Align-
ing LLM behaviour with pedagogy is an active area,
from learning-science-informed post-training >’ to Socratic
teaching models?®. Dialogue tutoring research similarly de-
pends on faithful models of student behaviour?®-39 and shared
tasks now benchmark tutor ability3!. This literature moti-
vates our reference-distribution view, because a tutor that mis-
models what students typically say will mis-target its explana-
tions.

Instruction following and preference modeling. Evalu-
ations of instruction adherence 3734 measure whether models
follow constraints, and preference-modeling work measures
agreement with aggregated human judgments. Our task differs
in that the target is not compliance or preference but match-
ing the distribution of natural student answers; instruction-
following ability nonetheless interacts with our prompt design,
since all models must produce short-phrase answers.

Classroom deployments. Controlled studies report learn-
ing gains and risks of LLM homework assistants in secondary
education* and of AI tutors in university courses, a tutor-
facing copilot improved outcomes on a live K-12 tutoring
platform®, and surveys document rapid adoption among stu-
dents”. These deployment findings supply the practical moti-
vation for our evaluation. Such systems are already present
in classrooms, and selecting among them requires domain-
appropriate measurement.

Methods

We adapt the CFC framework ' to high school settings. Our
method has three components: (1) the CFC evaluation proce-
dure and what we modify for a school domain, (2) dataset con-
struction, including question design, response collection, and
cleaning, and (3) semantic clustering and distribution-based
evaluation. Figure 2 illustrates the pipeline.

CFC framework and our adaptation

Commonsense Frame Completion (CEC)15 evaluates com-
monsense questions that admit multiple plausible answers.
Rather than scoring only a single best output, CFC treats each
question as defining a distribution over valid answers and eval-
uates whether a model captures that distribution. For each
prompt, CFC collects a large set of free-form human com-
pletions, denoted as the ground-truth answer set G. Because
human answers often vary in surface form while expressing
the same underlying concept, CFC first clusters the answer
strings in G into concept-level clusters. The clusters induce
a categorical reference distribution P, over answer concepts,
where the probability assigned to a cluster is proportional to
the number of human answers that fall into that cluster.

(Suppl. Table S1) J . l (Figure 2) J

' '

Student responses
(48-50 per question)

t '

/lanual concept clusters | | 3-pass matcher + OTHER
K =4-10 per question) | '| (Algorithm 1)

‘ 20,000 model responses ’

L5 KL(pstudent ”(Imot'ie]) +JSD/TV/EMD
+ entropy, with bootstrap CIs

Figure. 1 Evaluation workflow. Student responses (cyan) are man-
ually clustered into concept-level groups (green). Model responses
(orange) are assigned to those clusters by a deterministic three-pass
matcher whose unmatched answers enter an explicit OTHER cate-
gory. The resulting distribution pairs are scored with KL divergence,
together with JSD, total variation, EMD, and diversity metrics (pur-
ple).

Given a model, CFC samples a set of model-generated an-
swers H for the same prompt. The evaluation matches each
answer in H to the clusters constructed from G, and forms
a categorical model distribution P, over the same cluster set
using the matched counts. The divergence between the two
distributions is measured by the KL divergence DKL(ISg By,
with Laplace smoothing used to avoid zero probabilities .
The CFC paper also proposes an automatic implementation,
PROBEVAL, which operationalizes these steps by embedding
answers, clustering the embeddings to obtain ground-truth
clusters, and matching model answers to clusters via an as-
signment function '3,

We follow this distributional evaluation principle but adapt
the task domain and the human population. We replace the
original open-domain CFC prompts with high-school-specific
scenarios and treat student responses as the human answer set
G for each question. In addition, unmatched model answers
are not discarded but are assigned to an explicit OTHER cat-
egory that participates in the divergence, as described below.
Each question is built around a missing slot of an event frame,
and Table 1 shows the five slot types with high school exam-
ples.

Dataset construction and cleaning

We created 50 short questions grounded in realistic high
school situations, covering classroom procedures, laboratory
activities, school events, and extracurricular routines, bal-
anced across the five slot types (ten questions each). Each
question was written so that several reasonable answers exist.
The full question list appears in Supplementary Table S1 and
as structured data in the release.

For each question we collected free-form responses from
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Table 1 Missing-slot types in high school commonsense scenarios. The dataset contains ten questions per slot type.

Missing Slot  Definition Example (High School Context)

Arg0 Who/what does the event? A student raises a hand in class. Arg0? student
Purpose What is the goal of the event? A student raises a hand. Purpose? fo ask a question
Instrument What tool accomplishes the event? A student transfers liquid in a lab. Instrument? pipette
Time When does the event happen? Students go to practice. Time? after school

Location Where does the event happen? Students meet to study. Location? library

student volunteers (48—50 responses per question, 2,494 in to-
tal). Response cleaning was deliberately minimal and is fully
documented: casing, punctuation, and evident spelling vari-
ants were normalized, but content was never rewritten. Off-
topic or joke answers were retained as their own low-count
clusters rather than removed, because a reference distribution
should reflect what students actually produce. This policy also
mirrors the OTHER category on the model side. A change log
of every post-collection annotation correction is released with
the data.

Participant reporting and ethics. Responses were col-
lected anonymously from student volunteers who agreed to
have their short answers used for research; no names, ages,
grades, or other personal or demographic information were
collected or stored, and responses contain no identifying con-
tent. Because the institutional policies applicable to this
project do not permit collecting personal information from mi-
nors, we do not report demographic tables, and we scope all
claims to “the participating student population” rather than to
any demographic group. The study analyzes only anonymous,
aggregate answer counts.

Semantic clustering

For each question, two authors jointly grouped the student an-
swers into concept-level clusters. Unlike the originally sub-
mitted version of this study, the number of clusters is not fixed:
annotators created as many clusters as the answer space war-
ranted, yielding K between 4 and 10 (median 6) across ques-
tions. The adjudication rules were: (1) answers naming the
same object class or concept are one cluster regardless of sur-
face form; (2) hierarchy conflicts are resolved toward the more
specific shared category when a majority of member answers
are specific; (3) off-slot answers (e.g., a time answer to a who
question) form their own clusters and are never merged with
on-slot clusters; (4) unresolvable single answers stay single-
ton clusters. Full cluster listings for all questions are released
with the paper. Because the two annotators worked jointly, no
inter-annotator agreement statistic can be computed, and insti-
tutional policy for this project did not permit recruiting further
annotators. We instead quantify how much our conclusions
depend on these specific human clusters with an embedding-

based clustering baseline (described under Evaluation) that re-
quires no human judgment.

Assignment of model answers

Each of a model’s 50 sampled answers is assigned to a stu-
dent cluster by a deterministic three-pass matcher (Algo-
rithm 1): exact match after normalization, bidirectional sub-
string match, then token-overlap with threshold 0.5. Answers
failing all passes are assigned to an explicit OTHER cate-
gory that enters the distributions and the divergence compu-
tation, and nothing is discarded. This differs from the origi-
nally submitted version, which excluded unmatched answers.
The OTHER category preserves the off-distribution behaviour
that a distributional evaluation should measure. We report un-
matched (OTHER) rates per model and validate the matcher
against an embedding-based assignment based on fastText co-
sine similarity to the nearest cluster member with threshold
0.55. The two procedures agree on 89.8% of all model an-
swers (weighted by count) and produce nearly identical model
rankings (Spearman p = 0.98), with the only transposition be-
tween the two closest models.

Evaluation metrics

Let p be the student distribution and g the model distribution
over the K+ 1 categories (the K student clusters plus OTHER).
With add-one Laplace smoothing applied to both, we report

K+1 C)
Dxr(pllq) = Zp c)log 2 0 (1)

Why KL. We use Dg1.(p || g) as the primary metric for three
reasons. It is the metric of the CFC framework, which pre-
serves comparability with prior work. Its direction penalizes
the failure mode that matters most in a reference-distribution
evaluation, namely assigning near-zero probability to concepts
that students produce frequently. Finally, it is a proper diver-
gence on the smoothed simplex. Because KL can be sensi-
tive to smoothing under sparse distributions, we verify robust-
ness in two ways. First, we recompute all results under add-o
smoothing for o € {0.01,0.1,0.5,1}. Second, we recompute
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Algorithm 1 Three-pass answer-to-cluster matching with explicit OTHER

Require: answer string a, clusters C ...Ckx with member strings

1: @' + Normalize(a)

> lowercase, strip surrounding punctuation

2: Pass 1 (exact): if a’ equals a normalized member of Cy, return k
3: Pass 2 (substring): if @’ and a normalized member of C; contain one another, return k
4: Pass 3 (token overlap): for every member m of every Ci, compute

r = | Tokens(a’") N Tokens(m)|/ max(|Tokens(a')|, | Tokens(m)|)

and track the best-scoring cluster

5. if best r > 0.5, return that cluster; otherwise return OTHER

all results under three alternative metrics: Jensen—Shannon di-
vergence (symmetric, bounded), total variation distance, and
earth mover’s distance with a fastText-based ground metric be-
tween cluster centroids (which, unlike KL, credits near-miss
mass placed on semantically adjacent clusters). As reported
under Results, the model ranking remains consistent under ev-
ery variant (Spearman p > 0.85 against the primary ranking),
so the choice of KL does not drive our headline conclusions,
though fine-grained orderings can shift.

Beyond divergence we report diversity summaries: the
number of distinct student clusters a source hits, the Shannon
entropy of its cluster distribution, and the share of its answers
in its modal cluster.

Uncertainty. The primary aggregate KL scores carry 95%
bootstrap confidence intervals computed two ways: resam-
pling questions (4,000 replicates) and resampling student re-
sponses within each question (300 replicates). For adjacent
models in the ranking we additionally report the bootstrap
probability that each adjacent pair keeps its order under ques-
tion resampling.

Experiments and Results

Experiment setting

We evaluate eight LLMs spanning four families: OpenAl
GPT-40°, GPT-5, and GPT-5.4%; Anthropic Claude Opus
4.6, Claude Sonnet 4.6, and Claude Haiku 4.537; DeepSeek-
V2-Lite38; and Meta Llama-3.1-8B3°. Three lineages over-
lapping the original CFC evaluation (GPT-40, DeepSeek,
LLaMA) are retained for cross-benchmark comparison. The
open-weight models are run locally from pinned checkpoints
so that every model in the study is reproducible from an ex-
act identifier. Table 2 lists, for every model, the exact pinned
identifier or checksum, provider endpoint, access dates, and
all sampling parameters, so that the evaluation can be repro-
duced exactly. Every call was logged with its request identi-
fier, timestamp, sampling parameters, and token usage.

Every model receives the identical prompt (Figure ??):
a one-sentence system role plus a fixed few-shot user tem-
plate, with 50 independent API calls per question per model.

Decoding is uniform across all models: temperature 1.0,
provider-default top-p (1.0), no seed, no stop sequences be-
yond provider defaults. This removes the temperature in-
consistency of the originally submitted version, in which
GPT-5 models ran at temperature 1.0 but others at 0.5. A
temperature-sensitivity experiment below quantifies the effect
of that earlier mismatch. In total the main evaluation uses
8 x 50 x 50 = 20,000 model responses.

Aggregate alignment

Table 3 reports each model’s mean KL from the student dis-
tribution with 95% bootstrap confidence intervals over ques-
tions and over student resampling, and Figure 3 visualizes the
intervals. Llama-3.1-8B is the best-aligned model (mean KL
0.924) and Claude Opus 4.6 the least aligned (1.118), a 1.2x
spread. The confidence intervals quantify the statistical uncer-
tainty at this scale. 7 of 7 adjacent pairs in the ranking have
overlapping question-resampling intervals, so only the coarse
ordering is reliable at this scale. Between-model differences
are modest relative to every model’s overall distance from the
student distribution, and individual adjacent rankings should
be read cautiously. Supplementary Table S2 gives, for each
adjacent pair, the bootstrap probability that its order holds un-
der question resampling.

Metric and smoothing robustness

Table 4 compares the model ranking induced by KL (o =
1) against JSD, total variation, EMD, and KL under o €
{0.01,0.1,0.5}. All variants correlate with the primary rank-
ing at Spearman p > 0.85, and the best-aligned model under
the primary metric (Llama-3.1-8B) stays in the top group un-
der every variant, though individual adjacent positions shift.
KL is therefore reported in the remainder as the primary met-
ric, with the caveat that fine-grained adjacent orderings can
shift under alternative divergences.

Sensitivity to the human clustering

To test whether our conclusions depend on the authors’ clus-
tering decisions, we re-cluster the student answers automati-
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Table 2 Reproducibility details for every evaluated model. Hosted models use the most specific pinned identifier the provider exposes (dated
snapshots where available); open-weight models are local checkpoints with content digests. GPT-5 max tokens: 1000 for the minimal/medium-
effort runs, 4000 for high effort (headroom for hidden reasoning tokens). No seeds are set (independent sampling); system/developer message
and stop handling are provider defaults; retry policy: exponential backoff, max 7 attempts, with content-free responses re-sampled. Of 35,000
planned samples, 34,989 yielded a valid answer (346 after at least one retry); the remaining 11 slots (all from one model repeatedly returning
a bare separator) are reported at reduced sample size. No logged response was blocked or altered by a provider safety filter; a refusal or empty
response would surface as content-free output and be re-sampled under the retry policy. Request identifiers, timestamps, and token usage
(including hidden reasoning tokens) were logged for every call.

Model Pinned identifier Endpoint Access date  Temp. top-p Reason. effort Max tokens
GPT-40 gpt-40-2024-11-20 api.openai.com 2026-07-18 1.0 default (1.0) - 100
GPT-5 gpt-5-2025-08-07 api.openai.com 2026-07-18 1.0 default (1.0) medium 100074000
GPT-5.4 gpt—-5.4-2026-03-05 api.openai.com 2026-07-18 1.0 default (1.0) - 1000
Claude Opus 4.6 claude-opus-4-6 api.anthropic.com 2026-07-18 1.0 default (1.0) - 100
Claude Sonnet 4.6 claude-sonnet-4-6 api.anthropic.com 2026-07-18 1.0 default (1.0) - 100
Claude Haiku 4.5 claude-haiku-4-5-20251001 api.anthropic.com 2026-07-18 1.0 default (1.0) - 100
DeepSeek-V2-Lite deepseek-v2:16b-lite-chat-g8.0 (digest 1d62e£756269) local Ollama v0.32.1 (RTX 5090) 2026-07-18 1.0 default (1.0) - 100

Llama-3.1-8B llama3.1:8b-instruct-g8_0 (digestbl158ded76£fa0) local Ollama v0.32.1 (RTX 5090) 2026-07-18 1.0 default (1.0) 100

System: You are a human-like Al that answers commonsense questions with single word or short
phrase.

User: Answer the following questions. Inside Q, the first sentence is a context sentence and the second
sentence is the question. Use your commonsense knowledge to answer the questions. Provide an
answer even when you think you cannot answer. The following lines are example question and answer:
'0: A giraffe is eating grass and looking at something. where was the giraffe eating grass and looking
for something? A: forest;’

'0: A giraffe is eating grass and looking at something. where was the giraffe eating grass and looking
for something? A: apartment,’

’Q: They boiled the water. where did they boil the water? A: kitchen’

’0: They boiled the water. where did they boil the water? A: mars’

Seperate each answer with ;" only. The question is: Q: {question} A:

Sampling: temperature = 1.0 for all models; 50 independent calls per question; first ’;’-separated
answer retained. Token limits and reasoning-effort settings per model in Table 2.

Figure. 2 The exact zero-shot-with-exemplars prompt used for all eight LLMs, reproduced verbatim (including the original template’s spelling)
from the collection code. The placeholder {question} is replaced by each question.

Table 3 Mean KL divergence between each model’s cluster distribution and the student distribution over the 50 questions (add-one smoothing,
OTHER category included), with 95% bootstrap confidence intervals from question resampling (4,000 replicates) and student resampling (300
replicates). Lower is better.

Model Mean KL () 95% CI (questions) 95% CI (students)
Llama-3.1-8B 0.9236 [0.817, 1.032] [0.909, 1.002]
DeepSeek-V2-Lite 0.9261 [0.820, 1.035] [0.916, 1.003]
GPT-5 0.9833 [0.869, 1.090] [0.964, 1.068]
GPT-40 1.0348 [0.915, 1.157] [1.015,1.118]
Claude Haiku 4.5 1.0362 [0.925, 1.154] [1.019, 1.117]
Claude Sonnet 4.6 1.0385 [0.917, 1.150] [1.021, 1.120]
GPT-54 1.1095 [0.968, 1.254] [1.098, 1.193]
Claude Opus 4.6 1.1184 [0.995, 1.240] [1.102, 1.211]

cally (fastText embeddings, k-means) at K € {3,5,7} and at a
silhouette-selected K per question, and re-evaluate all models
against each automatic clustering (Table 5). Model rankings
correlate positively and substantially with the human-cluster

ranking under every automatic clustering (Spearman p from
0.690 to 0.881, highest for coarser clusterings). The broad
separation between better- and worse-aligned models is pre-
served, while individual adjacent positions shift. The human
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Table 4 Mean scores under alternative divergences (JSD, total variation, EMD with fastText ground metric) and alternative smoothing strengths.
The bottom row gives the Spearman correlation of each column’s model ranking with the primary ranking; all p > 0.85.

Model KLoa=1 JSD TV. EMD KL a=05 KL a=0.1 KL a=0.01
Llama-3.1-8B 0.924 0.180 0.503 0.264 1.220 1.916 2.909
DeepSeek-V2-Lite 0.926 0.184 0.497 0.269 1.219 1.901 2.865
GPT-5 0.983 0.183 0.517 0.282 1.319 2.141 3.342
GPT-40 1.035 0.194 0.533 0.288 1.381 2.217 3.431
Claude Haiku 4.5 1.036 0.193 0.534 0.285 1.384 2.226 3.451
Claude Sonnet 4.6 1.039 0.192 0535 0.287 1.396 2.274 3.564
GPT-54 1.110 0.209 0.550 0.299 1.484 2.395 3.724
Claude Opus 4.6 1.118 0.204 0.555 0.298 1.507 2.466 3.880
Spearman p vs. KL a=1 1.00 0.86 0.98 0.90 0.98 0.98 0.98

Table S Mean KL under the human clustering and four automatic fastText+k-means clusterings of the same student answers. Rankings correlate
substantially with the human-cluster ranking (p 0.690-0.881), so the broad ordering does not hinge on the human annotation choices, though
fine-grained positions shift. Silhouette-selected K distribution: K=2: 6, K=3: 3, K=4: 5, K=5: 7, K=6: 5, K=7: 4, K=8: 7, K=9: 5, K=10:

8.
Model Human (variable K) k-means K=3 k-means K=5 k-means K=7 k-means (silhouette K)
Llama-3.1-8B 0.924 0.872 0.919 0.890 0.857
DeepSeek-V2-Lite 0.926 0.951 0.992 0.951 0.932
GPT-5 0.983 1.244 1.208 1.103 1.014
GPT-40 1.035 1.216 1.192 1.126 1.073
Claude Haiku 4.5 1.036 1.067 1.092 1.056 0.973
Claude Sonnet 4.6 1.039 1.279 1.248 1.147 1.125
GPT-5.4 1.110 1.261 1.197 1.077 1.044
Claude Opus 4.6 1.118 1.294 1.272 1.181 1.071
Spearman p vs. human — 0.881 0.786 0.738 0.690

annotation therefore influences fine-grained orderings but not
the main contrasts, and absolute KL values shift with cluster-
ing granularity.

Unmatched answers and matcher validation

Table 6 reports OTHER (unmatched) rates per model. Rates
range from 2.0% for Claude Opus 4.6 to 19.4% for DeepSeek-
V2-Lite. The OTHER mass is largest where models answer
outside the student concept space, and the divergence now
penalizes this behaviour instead of ignoring it. The string
matcher and the embedding-based assignment agree on 89.8%
of answers and produce nearly identical rankings (p = 0.98),
with the only swap between the two statistically indistinguish-
able top models. Disagreements concentrate in lexically dis-
tinct paraphrases, which the OTHER category now retains in
the metric rather than discarding.

Table 6 Share of each model’s answers assigned to the OTHER cat-
egory (unmatched by the three-pass matcher), averaged over ques-
tions. Per-question rates are released with the data.

Model Mean OTHER rate
DeepSeek-V2-Lite 19.4%
Llama-3.1-8B 10.9%
GPT-5.4 7.4%
GPT-40 5.2%
Claude Sonnet 4.6 4.6%
Claude Haiku 4.5 4.1%
GPT-5 3.4%
Claude Opus 4.6 2.0%

Diversity and entropy

Table 7 summarizes diversity under the uniform decoding con-
figuration. Students hit 5.96 clusters on average with en-
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Model alignment with 95% bootstrap CIs
(orange: question resampling; blue: student resampling)
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Figure. 3 Mean KL per model with 95% bootstrap confidence in-
tervals from question resampling (orange) and student resampling
(blue). Overlapping intervals indicate adjacent rankings that are not
statistically stable at this scale.

Table 7 Diversity of answer distributions under uniform decoding
(temperature 1.0), averaged over questions: number of student clus-
ters hit, Shannon entropy of the cluster distribution (incl. OTHER),
and share of answers in the modal cluster.

Source Clusters hit  Entropy (bits) Top-1 share
Students 5.96 2.101 41.1%
DeepSeek-V2-Lite 2.34 0.921 75.2%
Llama-3.1-8B 2.12 0.783 77.6%
Claude Haiku 4.5 1.62 0414 88.1%
GPT-40 1.54 0.341 90.3%
GPT-5 1.56 0.339 89.8%
GPT-5.4 1.32 0.267 92.0%
Claude Sonnet 4.6 1.36 0.265 91.5%
Claude Opus 4.6 1.1 0.067 97.9%

tropy 2.10 bits, and every model is more concentrated (entropy
0.07-0.92 bits). 8 of 8 models place at least 60% of their
answers in a single cluster on average, and the most diverse
model reaches less than half the student entropy. Because all
models now decode at the same temperature, these differences
cannot be attributed to decoding configuration.

Sampling independence check. The originally submitted
version reported an entropy of exactly 0.0 for one model, a
value that could in principle indicate a sampling artifact rather
than genuine model behaviour. In the re-collection, every sam-
ple is an independent API call with a distinct provider request
ID. We verified that all 20,000 logged request IDs across the
main run are unique and that no response was reused. Identical
repeated answers therefore reflect model behaviour (mode col-
lapse on short-answer prompts), not caching. For Claude Son-
net 4.6 specifically, the modal identical response covers 79%
of samples per question on average at temperature 1.0 across
2500 independent requests, confirming that the near-zero en-
tropy reported earlier reflected mode collapse amplified by the

lower temperature rather than caching.

Temperature sensitivity.

Re-running four models at the originally used temperature
0.5 (Table 8) shows that lower temperature further concen-
trates output distributions and shifts mean KL by up to 0.130
for individual models, comparable to several adjacent gaps in
the ranking. This confirms that the earlier mixed-temperature
comparison inflated cross-model diversity differences, which
is why all headline numbers in this revision use uniform de-
coding.

Controlled reasoning-effort experiment

The originally submitted version hypothesized that hidden
chain-of-thought reasoning caused over-generic answers, but
reported no experiment capable of supporting a causal claim.
We therefore conducted a controlled comparison: the same
pinned GPT-5 checkpoint, identical prompts and temperature,
at three reasoning-effort settings (minimal, medium, high),
with hidden-reasoning-token counts logged from the API for
every call (Table 9). Mean hidden reasoning tokens rise from
0 (minimal) to 419 (medium) and 1162 (high) per call, while
mean KL goes from 0.908 to 0.983 and 0.985 respectively. No
setting improves on minimal effort, and the small differences
lie within overlapping bootstrap intervals.

GPT-5 reasoning-effort dose-response
RN

Mean KL divergence
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Mean hidden reasoning tokens per call
Figure. 4 Reasoning-effort dose-response for GPT-5: mean KL ver-

sus mean hidden reasoning tokens per call at three effort settings,
holding checkpoint, prompt, and temperature fixed.

Within this single-model, single-domain experiment, addi-
tional reasoning computation does not improve distributional
alignment with students on short-answer commonsense ques-
tions; we make no claim beyond this setting.

Rule-based behaviour taxonomy

To remove annotator subjectivity from the behaviour anal-
ysis, we replace the earlier hand-labeled six-type failure
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Table 8 Temperature sensitivity for four representative models (one open-weight and one hosted model per provider group), re-run at the
originally used 7 = 0.5: mean KL and entropy versus the uniform 7 = 1.0 setting. The GPT-5 family accepts only 7' = 1.0 and is therefore

excluded.
Mean KL Entropy (bits)
Model T=10 T=05 T=10 T=05
GPT-40 1.035 1.133 0.341 0.187
Claude Sonnet 4.6 1.039 1.121 0.265 0.153
Llama-3.1-8B 0.924 1.050 0.783 0.523
DeepSeek-V2-Lite  0.926 1.056 0.921 0.54

Table 9 Controlled reasoning-effort experiment: the same pinned
GPT-5 checkpoint, identical prompts and temperature, at three
reasoning-effort settings; hidden-reasoning-token counts are logged
from the API for every call. Cls are question-resampling bootstrap
intervals.

Reasoning effort Mean reasoning tokens/call Mean KL [95% CI] Mean entropy (bits)
0.908 [0.800, 1.020] 0.445

0.983 [0.875, 1.094] 0.339
0.985 [0.873, 1.099] 0.324

minimal 0.0
medium 418.7
high 1161.8

Table 10 Rule-based behaviour taxonomy over all (model, question)
pairs in the main run. Labels are computed deterministically from as-
signment statistics with fixed published thresholds; no human judg-
ment is involved.

Behaviour type (deterministic rule) Count (of 400)
distribution-matching 26
mode-matching 28
repetitive-aligned 197
repetitive-misaligned 89
mode-missing 38
off-distribution 22

classification with a deterministic taxonomy computed from
each (model, question) pair’s assignment statistics. A pair
is labeled off-distribution if at least half of its answers
fall in OTHER. It is labeled repetitive-aligned or repetitive-
misaligned if at least 80% of its answers fall in one cluster
that does or does not coincide with the student modal clus-
ter. It is labeled distribution-matching if its KL is at or below
the median and it hits at least three clusters, mode-matching
if its modal cluster matches the students’, and mode-missing
otherwise. These thresholds are fixed and published, and
the labels follow deterministically from the assignment statis-
tics. Table 10 shows the distribution over all 400 pairs. The
most common behaviour is repetitive-aligned (197/400 pairs).
Repetitive behaviours (aligned and misaligned together) ac-
count for 286 pairs, and 22 pairs are majority-OTHER.

Sample sufficiency

With 48-50 responses per question, the student sample is
roughly three times larger than in the originally submitted ver-
sion. Two analyses support its adequacy for the cluster counts
we use. First, an exact multinomial simulation (drawing n
responses from each question’s empirical cluster distribution
5,000 times) shows that the 95th percentile of DKL(ﬁ I }?,1)
at our actual n is 0.085 on average (worst question 0.104) —
an order of magnitude below every model’s distance from the
student distribution, though comparable to individual adjacent
gaps in the ranking, which is a further reason to read adjacent
orderings cautiously. Second, bootstrap convergence curves
(Figure 5) decrease monotonically with subsample size and
flatten well before the full sample. Both analyses are descrip-
tive of this dataset rather than guarantees for other popula-
tions.

Bootstrap convergence of the student distribution (50 questions)

Mean KL divergence
o
=
S

0.06 -

0.04 -

5 10 15 20 25 30 35 40 45
Sample size n

Figure. 5 Bootstrap convergence of the student distribution across
all 50 questions: mean KL between the full per-question distribution
and bootstrap subsamples of size n (500 replicates each; shaded band
41 SD across questions).
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Discussion

Three principal findings emerge from this evaluation. All are
scoped to the studied dataset, prompt configuration, and stu-
dent population.

First, every model diverges substantially from the student
reference distribution, and the between-model differences that
do exist do not track general capability tiers: the spread be-
tween the best (Llama-3.1-8B, 0.924) and worst (Claude Opus
4.6, 1.118) mean KL is 0.195, larger than any within-family
spread, and the most confident adjacent separations are Claude
Sonnet 4.6 ahead of GPT-5.4 (bootstrap confidence 0.89) and
GPT-5 ahead of GPT-4o0 (bootstrap confidence 0.81). The
models with the most diverse output distributions align best,
while heavily mode-collapsed models are penalized for plac-
ing near-zero mass on concepts that students produce often.
This supports the central methodological argument of the pa-
per: domain-specific, distribution-level evaluation measures
a property of model behaviour that single-answer accuracy
benchmarks cannot capture. At the same time, the confidence
intervals preclude claims of a definitive ranking.

Second, every evaluated model under-represents student di-
versity. Students spread their answers across 5.96 concept
clusters per question on average, every model hits far fewer
(Table 7), and the most concentrated models place nearly all
of their mass on a single cluster. A low KL score can there-
fore coexist with a nearly deterministic answer distribution,
because matching the modal student answer and covering the
student distribution are distinct abilities. For educational ap-
plications where surfacing the range of reasonable student an-
swers matters (e.g., anticipating diverse student responses in a
classroom tool), mode-seeking behaviour is a real limitation.
There is also a trade-off with reliability, since a model that al-
ways returns the single most typical answer is predictable and
rarely wrong but does not represent the breadth of its users.

Third, in the controlled experiment on one model family,
additional hidden reasoning computation produced no mea-
surable alignment benefit on these short-answer questions. We
avoid causal claims about reasoning in general, since the evi-
dence covers one model lineage, one domain, and one prompt
format. The observation is nonetheless practically relevant,
because higher reasoning-effort settings carry real latency and
cost in deployment.

Limitations

Several limitations qualify these findings. The dataset con-
tains 50 questions; although five times larger than in the origi-
nally submitted version and balanced across slot types, it can-
not represent the full breadth of educational commonsense.
All responses are in English and come from a volunteer stu-
dent population whose demographic composition we delib-

erately did not record. Claims are correspondingly scoped
to the participating population, and cross-cultural claims are
avoided entirely. The clustering was performed jointly by two
authors, so no inter-annotator agreement statistic exists. We
mitigate this with published adjudication rules, released clus-
ter listings, a documented change log, and an annotation-free
embedding baseline that reproduces the ranking, but the hu-
man clusters remain a subjective artifact. The string matcher,
though validated against an embedding assignment, can still
mis-assign paraphrases, and the OTHER category bounds but
does not eliminate this concern. Results come from a single
prompt template, and model behaviour under different prompt
designs, such as prompts that explicitly request diverse an-
swers, may differ substantially. Aggregate scores carry wide
confidence intervals at this scale, and several adjacent or-
derings in the ranking are not statistically stable. Finally,
hosted models are pinned to the most specific identifiers their
providers expose (dated snapshots where available) but remain
provider-controlled, while the open-weight models are fully
reproducible from released checksums.

Conclusion

We presented a distribution-level evaluation of eight LLMs
against a student answer distribution on 50 high school com-
monsense questions, with uniform decoding, explicit han-
dling of unmatched answers, bootstrap uncertainty, robust-
ness checks over metrics and clusterings, and a controlled
reasoning-effort experiment. Within this setting, every model
diverges substantially from the student reference distribution,
and the differences between models are modest and partly
interval-overlapping. Every model is far less diverse than the
student population, and added reasoning computation did not
improve alignment for the one family tested. These findings
are scoped to the studied questions, population, and prompt
setting. Beyond them, the contribution is a fully reproducible
methodology and evidence that distributional, domain-specific
evaluation is a necessary complement to top-answer bench-
marks when selecting models for student-facing applications.
Natural extensions include more questions and school con-
texts, multilingual replication, prompt-diversity interventions,
and reasoning-effort comparisons across model families.
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