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Abstract

Modern LLMs have demonstrated advanced
reasoning skills, including the ability to solve
Olympiad-level mathematics problems. While
solving more and more difficult problems is
a hallmark of LLM progress, less attention
has been placed on how “difficulty” is opera-
tionalized in the context of LLM problem solv-
ing tasks. This is particularly relevant in ed-
ucational contexts where teachers or students
may ask LLMs for “easy” or “hard” questions.
In this paper, we explore various quantitative
measurements from LLM-generated solutions
and evaluate their inter-correlations, as well
as their correlation to human-annotated diffi-
culty scores. We find moderate correlations
between metrics using log probabilities and
output lengths, including some that are more
strongly correlated to difficulty than LLM accu-
racy. We also train ModernBERT to predict dif-
ficulty scores, leading to reasonable accuracy
within a given benchmark, but decreased perfor-
mance when generalizing to other math bench-
marks. Finally, to explore connections between
difficulty scores and human performance, we
collect problems, human solutions, and human
performance data from the Putnam competition.
We find poor alignment between LLM metrics
and human-assigned difficulty scores, despite
strong correlations between those scores and
human performance on the problems.

1 Introduction

LLMs have grown increasingly powerful in their
level of detail and accuracy when solving math
problems, demonstrating advanced reasoning ca-
pabilities with chain-of-thought (Wei et al., 2022;
Kojima et al., 2022). This has led to researchers de-
veloping more difficult mathematics benchmarks,
such as HARP and Omni-MATH, pushing LLMs to
their limit (Yue et al., 2024; Gao et al., 2025). Often
overlooked is the fact that this requires some defi-

Figure 1: When LLMs solve Olympiad-level mathe-
matics problems, quantitative metrics can be extracted
which have moderate correlations (~0.35-0.40) to expert-
annotated difficulty scores. These correlations become
weak (< 0.10) when looking at very difficult problems,
i.e. from the Putnam Competition, despite real human
scores achieving the highest correlation to difficulty
scores (0.80).

nition of “difficulty"1, which could have different
meanings in the context of mathematics: the total
effort and time required to solve a problem; the
requisite skills and problem-solving techniques, of-
ten based on experience; the uncertainty felt when
solving a problem. For modern mathematics bench-
marks, which draw problems from Olympiad-level

1While we note the broad range of definitions for diffi-
culty in mathematics, and the knowledge gap this creates in
literature, for the purposes of this paper we will focus on the
human-annotated difficulty score common to modern mathe-
matics benchmarks.
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competitions, difficulty is typically annotated by
subject matter experts using a scale directly related
to the recommended/required age of participants
(e.g., AMC-8, AMC-10, and AMC-12, designed
for middle school and high school students be-
low grades 8, 10, and 12, respectively). While
it is standard to measure the accuracy of an LLM
as difficulty increases, we explore the extent to
which quantitative metrics—the number of gener-
ated output tokens (effort), whether the problem
includes Asymptote language (geometric spatial
skills), and log probabilities of generated solutions
(uncertainty)—of LLM solutions relate to human-
assigned difficulty ratings. The amount of effort,
mathematical skills used, and uncertainty felt when
a student is solving a problem, can be used to mea-
sure the difficulty of a math problem. Using Pear-
son correlation, we find that several metrics moder-
ately align to human difficulty ratings—even more
strongly than LLM solution accuracy—and show
that they have some predictive power for a given
problem’s difficulty ratings, supporting recent find-
ings (Plaut et al., 2025; Luo et al., 2025).

However, these metrics do not explain all of the
variance; notably, it is missing token- and sentence-
level semantics. To help bridge this gap, we fine-
tune ModernBERT (Warner et al., 2024) to classify
human difficulty ratings using a problem’s text and
a provided human solution. We find that for prob-
lems from HARP (6 difficulty levels) and Omni-
MATH (9 difficulty levels), ModernBERT can be
trained to achieve 42-57% accuracy (~90% within-1
accuracy) when tested on Olympiad-level problems
within their datasets, which decreases significantly
(29-37% accuracy) when tested on Olympiad-level
problems in the opposite benchmark, suggesting
that ModernBERT is unable to learn a generaliz-
able representation of difficulty from semantics.

We also explore a subset of the hardest problems
in Omni-MATH from the Putnam Competition, en-
abling us to make a direct comparison between
how well human competitors scored 2 compared
to LLMs. We find that, while real human scores
correlate strongly to the difficulty ratings, the cor-
relation between LLM accuracy and difficulty rat-
ings disappears (Figure 1). Our contributions in-
clude (1) a comprehensive evaluation of the cor-
relation between quantitative metrics from LLMs,
human-annotated difficulty scores, and human per-

2We use https://kskedlaya.org/putnam-archive/ to collect
real human scores.

formance, and (2) fine-tuning ModernBERT on
ordinal regression of difficulty level given problem
text and solution, utilizing two modern mathemat-
ics benchmarks and an undergraduate competition
with human scores for both contributions.

2 Related Work

2.1 Mathematics Benchmarks

To date, there have been dozens of mathematics
benchmarks developed to test the mathematical
capabilities of large language models. MATH was
the first large dataset of 12,500 competition-level
problems written in natural language, with
state-of-the-art models (at the time) scoring
between 3.0% and 6.9% (Hendrycks et al., 2021).
While problems from MATH are considered to
be difficult, coming from competitions taken by
“the best young mathematical talent in the United
States" (Hendrycks et al., 2021), early LLMs still
struggled with mathematical benchmarks that
were based on grade-school curriculum. A second
example, GSM8k consists of 8,500 grade-school
math problems that require knowing how to apply
the four basic arithmetic operations to solve, yet
GPT-3 175B could only correctly solve around 55%
of the problems given 100 attempts each (Cobbe
et al., 2021). Modern LLMs use chain-of-thought
prompting (Wei et al., 2022; Kojima et al., 2022)
and self-consistency among multiple generated
solutions (Wang et al., 2023), along with more pa-
rameters and larger training sets, to achieve higher
accuracies. Google’s Gemini 1.5 Pro achieved
67.7% accuracy on MATH and 90.8% accuracy
on GSM8k (Team et al., 2024), and OpenAI’s o1
reasoning model had a 94.8% accuracy on MATH
with only one attempt per solution (OpenAI, 2024).

With these improvements to LLM accuracy for
the MATH and GSM8k benchmarks, researchers
have introduced new benchmarks: HARP col-
lects the most difficult problems from prestigious
mathematical competitions like A(J)HSME, AMC,
AIME, and USA(J)MO (Yue et al., 2024), and
Omni-MATH contains problems from all presti-
gious mathematics competitions as listed on the
AoPS (Art of Problem Solving) webpage (Gao
et al., 2025). Top performing models (at the time
of benchmark publication) struggle with problems
from HARP (58.1% for Gemini 1.5 Pro, and 75.9%
for o1-mini) and Omni-MATH (60.54% for o1-
mini).

969



Notable with the introduction of the HARP and
Omni-MATH benchmarks is the attention toward
assigning problems a difficulty score based on hu-
man judgments. Both papers collect this score from
subject matter experts of mathematics competitions
(AoPS), who define a 10-point difficulty scale to
compare between the different mathematical com-
petitions (Art of Problem Solving, 2025). While
we do not believe this can be used as a thorough
metric covering the multiple facets of human intu-
itions of difficulty, such as problem structure or the
skills necessary to solve each problem (Lucy et al.,
2024), we use it in this work in order to directly
engage with findings in prior work that share this
definition. We leave the systematic formation of
more thorough definitions of difficulty for future
work.

2.2 Using logprobs to Measure LLM
Confidence

A key metric used to evaluate the performance of
large language models is perplexity, a score measur-
ing how “surprised” a model is when predicting to-
kens (Jurafsky and Martin, 2025). Perplexity is the
inverse of token-level log probabilities, meaning
a model with low perplexity will generate tokens
with higher log probabilities.

Prior work in uncertainty quantification (UQ)
shows that token probabilities can be an effective
measure of model uncertainty (Malinin and Gales,
2021), and can be improved by weighting each to-
ken based on its relevancy to the generation (Duan
et al., 2024a). Plaut et al. (2025) find that these
log probabilities can be used to predict an LLM’s
accuracy when solving multiple-choice questions,
even across models of different sizes and architec-
tures. Orgad et al. (2025) explores various metrics
of log probabilities, including taking the minimum,
average, and maximum values across a prompt, as
well as looking at the log probabilities of answer
tokens.

2.3 Using BERT Family Models for
Mathematics

BERT has been used in different mathematics con-
texts, including mathematics understanding (Peng
et al., 2021; Shen et al., 2023), mathematics rea-
soning (Piękos et al., 2021) as well as subject and
difficulty classification (Lao and Lei, 2023; Duan
et al., 2024b). ModernBERT is a modernized ver-
sion of BERT, with improvements to architecture

that allow for a larger context window (8192 to-
kens) and faster inference (Warner et al., 2024).

3 Experimental Setup: LLM Metrics

We selected LLMs that were included in
the original HARP and/or Omni-MATH
benchmarks, including 5 local models
and 1 API-based model: gpt-4o-mini,
gemma-3-27b-it, Llama-3.1-8B-Instruct,
Mathstral-7B-v0.1, NuminaMath-7B-CoT, and
Qwen2.5-Math-7B-Instruct. Following the
work of Yue et al. (2024) and Gao et al. (2025),
we set each model’s temperature parameter to 0
and top_p parameter to 1 to reduce variations in
model responses. For each model, we use the
recommended system prompt, then prompt on a
random sample of 1000 questions from each of the
two benchmarks, and record their output tokens
and corresponding log probabilities.

Additionally, we collected 360 Putnam prob-
lems, around 100 of which are included in Omni-
MATH. The purpose of including a separate dataset
for only Putnam problems is that we can include
real human scores, allowing us to compare the ac-
curacy of human participants to our LLM metrics.
These problems are at difficulty levels 7, 8, and
9 (according to AoPS), making them some of our
hardest problems. We prompted the same LLMs on
all 360 problems, again recording the output tokens
and corresponding log probabilities.

3.1 Evaluating Solution Correctness: HARP
vs. Omni-MATH

Both benchmarks rely on separate systems for au-
tomatic evaluation of solution correctness. Yue
et al. (2024) use a sympy-based parser and an-
swer checker for HARP, whereas Gao et al. (2025)
introduce a GPT-4o-based model, Omni-Judge,
which has 86% consistency with human graders.
We decided to use Omni-Judge, as it can more
accurately grade natural language variations in
answers (e.g. “$4.00\\text{ dollars}$” vs
“$\\textdollar4$)” and therefore reduce false
negatives.

3.2 Structure of our data
The structure of our data includes the following:

• Full problem text in natural language, as well
as the full LLM solution

• Problem difficulty (level) based on human
expert judgments
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(a) Distribution of input_tokens. (b) Distribution of min_logprob. (c) Distribution of avg_logprob.

Figure 2: Distributions of model-related statistics grouped by difficulty level for HARP problems.

• Number of tokens in the math prob-
lem (input_tokens) and generated solution
(output_tokens)

• Whether the LLM solution reached the cor-
rect answer (is_correct), judged using Gao
et al.’s (2025) LLM-based answer checker
(Omni-Judge)

• The log probabilities of each selected token in
the generation (top_logprobs)

• Whether the problem uses Asymptote, a vec-
tor graphics language (has_asy_problem)

We choose to include has_asy_problem in our
analysis, as Luo et al. (2025) have shown that
LLMs struggle more with accurately answering
these types of problems. We test to see whether
has_asy_problem could be used as a potential sig-
nal for an LLM’s notion of difficulty.

Further, we compute two additional metrics
based on token log probabilities:

• min_logprob, which is calculated per LLM
solution by taking the log probability from the
token with the smallest log probability.

• avg_logprob, which is calculated per LLM
solution by taking the average of the log prob-
abilities of all tokens.

We also investigate these metrics for the answer
tokens, following the work of Orgad et al. (2025).
With these metrics, we can explore the relation
between log probabilities and human difficulty la-
bels. We do not consider max_logprob, as for all
generated solutions this would be approximately 0.

Additionally in the HARP paper, Yue et al.
(2024) found that LLMs scale up the number of
tokens in their generated solutions as the prob-
lem difficulty increases. They describe this be-
havior as consistent across all tested LLMs, as

well as human-generated solutions, suggesting
models could be biased from human solutions in
their underlying training data. However, this may
be confounded by the number of tokens in the
problems themselves, something that is underex-
plored in prior literature. We test to see whether
input_tokens is correlated to output_tokens in
the HARP and Omni-MATH data. While we do
not set out to control for problem or solution length
to determine causality, as the former would require
redesigning the benchmark and the latter may arti-
ficially reduce model performance, we explore the
solution-level correlation between these variables.
To further explore potential interactions between
LLM metrics and difficulty level, we conduct a
series of OLS regressions (see Appendix C), us-
ing ablation to control for metrics and to see how
these metrics interact. We find that adjusted R2

is low, especially for Omni-MATH, and find that
input_tokens and min_logprob has stronger cor-
relation for difficulty level in Omni-MATH than in
HARP.

4 Experimental Results: LLM Metrics

We first present our results visually, and then dive
deeper into more specific and numeric data.

Problem Length (i.e., number of input to-
kens) scales with problem difficulty (Figure 2a).
Log Probabilities decrease with problem diffi-
culty, although the effect is more noticeable for
min_logprob (Figure 2b) than for avg_logprob
(Figure 2c). Both box-plots show there is high vari-
ance and significant overlap across level, meaning
it is not enough information to accurately differen-
tiate between problems by difficulty. See Appendix
A for other distributions grouped by level.

Correlations Heatmap (Figure 3) shows mod-
erate correlations between the three variables
output_tokens, min_logprob, and level for

971



HARP, but only between min_logprob and level
for Omni-MATH. This aligns with the finding from
Yue et al. (2024) that LLM solutions increase in
length as difficulty increases, and our observation
that log probabilities (in the form of min_logprob)
decrease as difficulty increases. However, we note
that for Omni-MATH, there is a slightly lower cor-
relation between is_correct and level than be-
tween min_logprob and level, while the inverse
is true for HARP. Additionally, there is a lower
correlation between output_tokens and level in
Omni-MATH than in HARP, and a higher correla-
tion between input_tokens and level in Omni-
MATH than in HARP. Prior work found that log
probabilities of exact answer tokens may be used to
predict truthfulness (Orgad et al., 2025), however
we find that min_logprob_boxed has low correla-
tion to both level and is_correct.

We find that, while patterns are different across
HARP and Omni-MATH, some LLM metrics may
be more closely aligned to human difficulty labels
than LLM accuracy. While trends in Figure 2a and
Yue et al. (2024) show that problem length and
LLM solution length both increase with difficulty
level on average, there is only a very weak correla-
tion between input_tokens and output_tokens
(0.10 for HARP and 0.15 for Omni-MATH).

When solving Putnam problems, many of these
patterns disappear (Figure 4). This includes correla-
tions between output_tokens, min_logprob, and
level (all < 0.10). In contrast, human_score has
very strong correlation with level (0.80). This
suggests that, while the difficulty score aligns
strongly to human accuracy, it has little to no align-
ment to LLM accuracy. See Appendix B for corre-
lation heatmaps of each LLM tested.

When comparing the accuracy between humans
and LLMs (Figure 5), we find that LLMs have
consistency across the 3 levels, helping to explain
the correlations with the Putnam problems, and
illustrating the poor alignment. The experts who
create these competitions expect student accuracy
to decrease while problems become increasingly
difficult, however this is not necessarily the case
for LLMs. While the pattern may appear at the
macro-scale, i.e. when considering an entire bench-
mark of more than 4,000 problems, LLMs can only
truly interact with one problem at a time, let alone
a single competition. By de-aggregating the HARP
and Omni-MATH benchmarks, we are able to get
a more clear understanding of how LLMs are in-
teracting with these problems of varying difficulty,

Figure 3: Pearson correlation heatmap of the variables
from the HARP and Omni-MATH problems, averaged
over the 6 models. Moderate correlations exist between
is_correct, level, min_logprob, input_tokens,
and output_tokens.

Figure 4: Pearson correlation heatmap of the variables
from the Putnam problems, averaged over the 6 models.

lending greater insights into how LLMs are used
by students and teachers at the micro level. See
Appendix D for individual performance of each
LLM tested.
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Figure 5: Accuracy for humans and LLMs when solving
Putnam problems. While LLM accuracy remains con-
stant as difficulty increases, human accuracy predictably
decreases as problems get harder.

5 Experimental Setup: ModernBERT
Difficulty Prediction

Instead of prompting LLMs to predict the diffi-
culty score of a given problem, which can lead
to hallucination or difficulty following the system
prompt (especially for small models fine-tuned on
step-by-step reasoning and solving mathematics
problems), we explored using ModernBERT for
classifying difficulty level of problems. To accom-
modate the math reasoning skills necessary to ac-
curately classify a problem (Lucy et al., 2024), we
incorporate text pairs using ModernBERT’s tok-
enizer to combine both the problem and one of the
human-written solutions (provided by the bench-
mark). Since the classification task is ordinal, we
use an implementation of consistent rank logits
(CORAL) (Cao et al., 2020) ordinal regression.

For all experiments using ModernBERT, we fol-
low an 80-10-10 split for train/eval/testing. The
train set is used to train a new model for 10 epochs
(2e − 5 learning rate, 0.01 weight decay). The
evaluation set is used to evaluate the model at each
epoch, from which we select the model with the
highest F1 score to use on the test set. We record
the accuracy, within-1 accuracy, and F1 scores.

We evaluate ModernBERT on HARP and Omni-
MATH in three sub-experiments using (1) full
HARP / Omni-MATH dataset, (2) 200 problems
from each of six difficulty levels from one of HARP
/ Omni-MATH, and (3) 200 problems from each
of six difficulty levels from both HARP / Omni-
MATH. In these sub-experiments, we train Mod-
ernBERT on the given problems, and test it on both

problems within its given test set and problems
from the opposite benchmark test set.

We also test ModernBERT on 360 Putnam prob-
lems in two sub-experiments, first using the full Put-
nam dataset for training, and second using Omni-
MATH problems with difficulty levels in {7, 8, 9},
removing its Putnam problems, for training.

6 Experimental Results: ModernBERT
Difficulty Prediction

Train Set Test Set MAE ↓ Fmac
1 ↑

Full Dataset (Levels 1-6 HARP, 1-9 Omni-MATH)

HARP HARP 0.586 0.405
Omni-MATH Omni-MATH 0.677 0.413
HARP Omni-MATH 1.612 0.169
Omni-MATH HARP 1.716 0.151

200 per Difficulty Level (Levels 1-6 Both Datasets)

HARP HARP 0.815 0.409
Omni-MATH Omni-MATH 0.597 0.564
HARP Omni-MATH 0.857 0.345
Omni-MATH HARP 1.067 0.277

Mixed Model with Subsets (Levels 1-6 Both Datasets)

Mixed Mixed 0.696 0.443
Mixed HARP 0.754 0.396
Mixed Omni-MATH 0.635 0.479

Table 1: ModernBERT performance across datasets.
MAE denotes the mean average error (↓ lower is better),
Fmac
1 denotes the Macro F1 score (↑ higher is better).

For most models, we find exceptionally high
within-1 accuracy, between 85-95%. The high
within-1 accuracy suggests that ModernBERT cap-
tures a coarse notion of difficulty, even when exact
prediction fails. It is more difficult for Modern-
BERT to predict difficulty level for HARP prob-
lems than Omni-MATH problems in all scenarios;
this effect increases when training a model on prob-
lems from both datasets (Table 1). One potential
cause is due to the differing ranges of competitions
between the benchmarks: HARP contains prob-
lems from 4 unique benchmarks, whereas Omni-
MATH contains problems from 27 unique bench-
marks. Having fewer competitions may make it
more difficult to label difficulty, as problems within
the same competition could have similar semantics.
The sharp decrease in accuracy and F1 scores when
crossing the models on the full datasets is due to the
differing range of levels, as the full Omni-MATH
dataset contains problems at difficulties 1 through
9, and the full HARP dataset contains problems at
difficulties 1 through 6. The mismatch results in the
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(a) HARP model tested on Omni-MATH
(36.97% accuracy, 0.857 mean average
error, 34.48% F1 score).

(b) Omni-MATH model tested on HARP
(29.41% accuracy, 1.067 mean average
error, 27.72% F1 score).

(c) Mixed model, trained and tested on
both HARP and Omni-MATH (43.88%
accuracy, 0.696 mean average error,
44.26% F1 score).

Figure 6: Confusion matrices using the 200 problems per difficulty samples of HARP and Omni-MATH (results on
the 10% test split). The first 6 difficulty levels (1 through 6) are included for a total of 1200 problems.

HARP model being unable to predict difficulties
above 6, and the Omni-MATH model predicting
difficulties above 6 (which are not in HARP).

The confusion matrices for a selection of sub-
experiments (Figure 6) shows that, when trained
and tested on separate datasets, ModernBERT clas-
sifies harder problems as easier, and particularly
for the 200 Omni-MATH model on the 200 HARP
test set, also classifies easier problems as harder
(suggesting that HARP problems are harder to pre-
dict). These effects are weaker when ModernBERT
is trained on both datasets, resulting in a stronger
diagonal in the confusion matrix.

Testing ModernBERT on the Putnam problems
shows contrasting results based on which dataset
was used during training. When training on Put-
nam, the model has a bias to over-predict difficulty
9, whereas when trained on Omni-MATH (prob-
lems with difficulty in {7, 8, 9}), the model under-
predicts difficulty 9 (Figure 7). See Appendix E for
ModernBERT confusion matrices covering the full
set of splits we performed over our data.

Overall, we find that ModernBERT has slight
drift toward the mean, similar to our initial exper-
imentation with prompting LLMs to do the same
task. While LLM prompting typically resulted in a
normal distribution of problem difficulty (which
is true of Omni-MATH according to Gao et al.
(2025)), not all benchmarks follow a normal distri-
bution (e.g. HARP).

By using two different, but related signals (LLM
metrics from inference and ModernBERT predic-
tion accuracy), we have shown that HARP and
Omni-MATH have quite a few differences. No-
tably, we show that HARP has some stronger cor-
relations in the LLM metrics than Omni-MATH,

Figure 7: Confusion matrices when evaluating the Put-
nam and Omni-MATH {7, 8, 9} models on the Putnam
test set. Putnam over-predicts difficulty level 9 (50.00%
accuracy, 0.639 mean average error, 49.21% F1 score),
whereas Omni-MATH under-predicts it (30.56% accu-
racy, 0.806 mean average error, 24.47% F1 score).

such as the number of tokens in generated solu-
tions, which may indicate that difficulty in HARP
is more reflective of “effort” required, i.e. longer
solutions. And to contrast, Omni-MATH problems
are easier for ModernBERT to predict, reflecting
difficulty in Omni-MATH is more semantic/textual,
rather than behavioral.
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7 Discussion and Future Work

While we highlight issues with present mathemat-
ics benchmarks, as they do not properly assess
LLM alignment to a single quantitative expert-
defined difficulty score, it is beneficial to discuss
future directions based on our findings.

Multi-dimensional Difficulty. A key direc-
tion for future work is the development of multi-
dimensional difficulty labels that build upon the
current difficulty score used in modern benchmarks.
As discussed in our work, difficulty is inherently
multifaceted, encompassing dimensions such as
effort, required conceptual knowledge, and uncer-
tainty during problem solving. A single expert-
annotated difficulty level cannot capture these nu-
anced distinctions. Future benchmarks should look
into annotating problems along multiple axes, in-
cluding procedural effort (number of reasoning
steps), uncertainty (similarity to previous knowl-
edge, how many reasoning paths exist), conceptual
depth (reliant on a student’s current educational
level), etc. Such a framework would allow for a
precise way to measure alignment between human
notions of difficulty and LLM-derived metrics. By
explicitly modeling these dimensions, future work
could help us find which aspects of difficulty LLMs
“understand”, and which go unmodeled. While we
discovered these potential dimensions of difficulty
through discussions, it would be beneficial to look
toward education literature to help bridge the gap
with present NLP research.

Human vs. LLM Reasoning. Another direc-
tion for future research is the systematic study of
reasoning steps in both human solutions and LLM-
generated solutions. While prior work and our
current findings have shown that longer solutions
often correlate with higher difficulty, the number of
reasoning steps alone may not be a reliable indica-
tor. For instance, a more advanced student (e.g., a
student who is currently taking Calc II) may solve
a derivative problem in fewer, and more abstract,
steps, when compared to a less experienced student
(e.g., a student who is beginning Calc I and only
knows the limit definition of the derivative). This
is more explicit, for example, when asking elemen-
tary questions to a reasoning model, for example
“What is 9+10?”, in which a reasoning model will
likely give more than one reasoning step to verify
its solution. This suggests that step count is not
just a function of problem difficulty, but also of the
student (or LLM’s) background experience with

solving problems of similar nature. Future work
could look into richer representations of reasoning
beyond a single quantitative measure.

Variations in Reasoning. This naturally moti-
vates the need to study reasoning paths across dif-
ferent populations, rather than one solution by one
person (or model) at a time. Rather than treating
the solution as having a static baseline, future work
should account for differences in how different peo-
ple approach the same problem, highlighting the
different abilities and disabilities that interact with
the problem-solving process. Comparing these hu-
man reasoning paths to those generated by LLMs
may reveal whether models more closely align to a
student, or an educator, or perhaps both depending
on the context and prompting used. Such analyses
could provide deeper insight into how LLMs inter-
nalize mathematical reasoning when compared to
humans, which would help inform future designs.

8 Conclusion

Using LLM inferences from the HARP (Yue et al.,
2024) and Omni-MATH (Gao et al., 2025) bench-
marks, we explored several signals from LLMs to
determine their potential relation to human notions
of difficulty (in the form of difficulty level labeled
by experts). Our findings suggest that solution ac-
curacy may not be the only LLM metric that aligns
to human-annotated difficulty of math problems,
as log probabilities and solution lengths also corre-
late moderately (and sometimes more strongly) to
difficulty level. We also support the findings from
Luo et al. (2025) that geometric spatial problems
are more difficult for LLMs to accurately answer.
Additionally, we explored the relation between the
length of a problem and the length of its LLM so-
lution, finding very weak correlation.

Building on the Omni-MATH dataset, which
contains problems from the Putnam competition,
we collected historical human scores from each
competition, enabling us to investigate the align-
ment between LLM metrics, human accuracy, and
expert-annotated difficulty scores, finding strong
correlation between the latter two and weak corre-
lations with LLM metrics.

Finally, we explored token and sentence-level
semantics by training several instances of Mod-
ernBERT across HARP, Omni-MATH, and Put-
nam problems. When conducting cross evaluations
between HARP and Omni-MATH, we find that
model performance always drops, suggesting com-
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petitions within the two benchmarks may have dif-
ferent relations to expert-labeled difficulty scores.
While training ModernBERT on both benchmarks
has higher accuracy than our cross evaluations, it
does not recover the full accuracy of any model
trained solely on one dataset.

We hope our work leads to further inquiry into
the current nuances of LLM alignment to difficulty
for mathematics benchmarks, as well as a more
fine-grained approach that represents the wide-
range of human notions of math difficulty (rather
than a single scale).

Limitations

While we can explore LLM alignment to a single
measure of human annotated difficulty, we find that
we are unable to truly explore LLM alignment to
all human intuitions of difficulty, which likely has
many facets (such as the structure of the problem,
or the list of skills necessary to solve). We are
not altering any problems to control for problem
or solution length, and therefore we cannot deter-
mine any causal link between human-annotated
difficulty, problem length, or solution length. Our
results are limited only to the 6 LLMs selected,
which do not include API models from multiple
families (e.g. Claude or Meta), or reasoning models
(e.g. OpenAI’s o3 model).
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Appendix A Model-related Statistics

For brevity, we expand on Figure 2 by including
the rest of the LLM metric distributions grouped
by difficulty level for HARP and Omni-MATH
problems (Figures 8 and 9).

Appendix B LLM Metrics Correlation
Heatmaps

For brevity, we expand on Figures 3 and 4 by
showing the separate Pearson correlation heatmaps
of the LLM metrics for each model. Across
models, we find similar patterns for is_correct,
level, min_logprob, input_tokens, and
output_tokens (Figures 10 and 11). Note that
Mathstral-7B-v0.1 does not use \boxed; when
aggregating min_logprob_boxed, this LLM is
ignored.

(a) Distribution of input_tokens. (b) Distribution of output_tokens. (c) Distribution of is_correct.

(d) Distribution of min_logprob. (e) Distribution of min_logprob_boxed. (f) Distribution of avg_logprob.

Figure 8: Distributions of model-related statistics grouped by difficulty level for HARP problems.

(a) Distribution of input_tokens. (b) Distribution of output_tokens. (c) Distribution of is_correct.

(d) Distribution of min_logprob. (e) Distribution of min_logprob_boxed. (f) Distribution of avg_logprob.

Figure 9: Distributions of model-related statistics grouped by difficulty level for Omni-MATH problems.
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(a) gemma-3-27b-it (b) gpt-4o-mini (c) Llama-3.1-8B-Instruct

(d) Mathstral-7B-v0.1 (e) NuminaMath-7B-CoT (f) Qwen2.5-Math-7B-Instruct

Figure 10: Pearson correlation heatmap of the variables from the HARP and Omni-MATH problems, 6 models.

(a) gemma-3-27b-it (b) gpt-4o-mini (c) Llama-3.1-8B-Instruct

(d) Mathstral-7B-v0.1 (e) NuminaMath-7B-CoT (f) Qwen2.5-Math-7B-Instruct

Figure 11: Pearson correlation heatmap of the variables from the Putnam problems, 6 models.
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Appendix C OLS Regression on LLM
Metrics

We conduct a series of OLS regression tests on dif-
ficulty level using our LLM metrics to control for
different metrics and see how they interact. Over-
all, we find that adjusted R2 is low, especially
for Omni-MATH, and find that input_tokens and
min_logprob has stronger correlation for difficulty
level in Omni-MATH than in HARP (Table 2).
Future work could involve constructing a dataset
where problem length and solution length is held
constant, which could then be used in our Modern-
BERT experiments (Section 5) to control for inter-
actions between min_logprob and ouput_tokens.

Linear Model Adjusted R2

HARP Omni-MATH

L ∼ avg 0.007 0.015
L ∼ min 0.075 0.061
L ∼ output 0.175 0.064
L ∼ output + min 0.197 0.103

L ∼ asy 0.016 0.003
L ∼ asy + output + min 0.216 0.106
L ∼ input 0.103 0.103
L ∼ input + output + min 0.197 0.176

L ∼ corr 0.135 0.047
L ∼ corr + asy 0.172 0.050
L ∼ corr + min 0.161 0.085
L ∼ corr + output 0.252 0.093
L ∼ corr + output + min 0.257 0.118
L ∼ corr + output + min + asy 0.289 0.121

L ∼ all but avg 0.302 0.184
L ∼ all 0.302 0.184

Table 2: Comparison of adjusted R2 when predict-
ing level (L) with avg_logprob (avg), min_logprob
(min), output_tokens (output), has_asy_problem
(asy), input_tokens (input), and is_correct (corr).

Appendix D Humans vs. LLMs on
Putnam Competition

For brevity, we expand on Figure 5 by including the
individual LLM accuracies at each difficulty level
for problems in the Putnam competition (Figure
12). We find that each LLM follows the pattern of
constant accuracy as difficulty level increases.

Figure 12: Accuracy for humans and LLMs when solv-
ing Putnam problems.
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Appendix E ModernBERT Confusion
Matrices

For brevity, we expand on Figure 6 by including
ModernBERT confusion matrices covering the full
set of splits we performed over our data (Figure
13). On the left, we have the models trained using
the 200 problems per difficulty level, tested on their
own test set (instead of cross-tested as in Figures 6a
and 6b). On the right, we have the models trained
using the full dataset (instead of the balanced 200
problems per difficulty level), tested on their own
test set. In the middle, we have the models trained
on the full dataset, tested on their opposite model
dataset. The top row contains models trained on the
HARP dataset, whereas the bottom row contains
models trained on the Omni-MATH dataset.

Figure 13: ModernBERT confusion matrices
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