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Abstract

Multi-modal Large Language Models (MLLMs) exhibit impressive problem-
solving abilities in various domains, but their visual comprehension and abstract
reasoning skills remain under-evaluated. To this end, we present POLYMATH, a
challenging benchmark aimed at evaluating the general cognitive reasoning abilities
of MLLMs. POLYMATH comprises 5,000 manually collected high-quality images
of cognitive textual and visual challenges across 10 distinct categories, includ-
ing pattern recognition, spatial reasoning, and relative reasoning. We conducted
a comprehensive, and quantitative evaluation of 12 MLLMs using four diverse
prompting strategies, including Chain-of-Thought and Step-Back. The best scores
achieved on POLYMATH are ∼ 54%, ∼ 36%, and ∼ 57%, obtained by Claude-3.7
Sonnet, GPT-4o and Gemini-2.5 Flash respectively - highlighting the logical and
visual complexity of these questions. A further fine-grained error analysis reveals
that these models struggle to understand spatial relations and perform drawn-out,
high-level reasoning. This is further strengthened by our ablation study estimating
MLLM performance when given textual descriptions in place of diagrams. As
evidenced by ∼ 4% improvement over textual descriptions as opposed to actual
images, we discover that models do not truly comprehend visual diagrams and the
spatial information therein, and are thus prone to logical errors. The results on
POLYMATH highlight the room for improvement in multi-modal reasoning and
provide unique insights to guide the development of future MLLMs 1.

1 Introduction

Large Language Models (LLMs) [1–4] and Multi-modal Large Language Models (MLLMs) [5–8]
have rapidly become a pivotal area of research. MLLMs with robust reasoning capabilities in visual
contexts can solve complex educational problems [9, 10], support analysts with logical queries
on statistical data [11, 12], and contribute to advanced research areas such as theorem proving
and scientific discovery [13–15]. Despite their impressive performance in various assessments of
human-like intelligence, these models still exhibit notable shortcomings on tasks requiring cognitive
and logical reasoning, such as commonsense numerical reasoning, scientific problem-solving, and
abstract puzzles [16, 17]. Existing evaluation benchmarks [18–22] have focused primarily on specific
concrete domains. While general-purpose visual question-answering (VQA) datasets capture some
elements of mathematical reasoning, a systematic investigation into abstract and general cognitive
reasoning which are essential for tasks like visual puzzles remains an underexplored frontier.

1Codebase: https://github.com/kevinscaria/PolyMATH
Dataset: https://huggingface.co/datasets/him1411/polymath
∗Equal Contribution

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: Foundations of
Reasoning in Language Models.

https://github.com/kevinscaria/PolyMATH
https://huggingface.co/datasets/him1411/polymath


Figure 1: Examples of the reasoning patterns employed by MLLMs when faced with questions
involving visual information. In the top row, models fail to perceive the relationship between adjacent
semicircles; in the bottom row, models fail to comprehend fine details in the answer images.

In this paper, we present POLYMATH, a benchmark specifically crafted to evaluate the complex
multi-modal cognitive reasoning capabilities of MLLMs. We propose a task taxonomy to guide
the development of POLYMATH: (1) we identify ten distinct reasoning skills, including spatial
reasoning, pattern recognition, and numerical reasoning. and (2) we cover a diverse array of
visual contexts, including images with venn diagrams, spatially-related layouts, as well as geometric
figures. POLYMATH is a meticulously curated dataset of 5000 multimodal reasoning problems
newly acquired from a publicly available source (Table 1). The problems of the original source
have been crafted and rigorously reviewed by expert annotators, and require diverse fine-grained
problem-solving capabilities. Additionally, we provide detailed textual representations of diagrams
of the samples. As denoted in fig. 1, these problems are designed to assess the logical reasoning
abilities of the average high school student over text and diagrams. We observe that MLLMs fail to
demonstrate the cognitive reasoning skills required to solve these questions.

We conduct extensive experiments on POLYMATH with state-of-the-art (SOTA) closed-source
MLLMs like the Claude 3.7 Sonnet, Gemini-2.5 Flash, and GPT-4o, and 9 open-source MLLMs
like LLaVA (34B) and ShareGPT4V. We evaluate them via zero shot, few shot, Chain-of-Thought
[23] and step back prompting [24]. We show that POLYMATH is a challenging benchmark, with
human performance (established by qualified human annotators with graduate degrees) reaching only
66.3% accuracy. The most powerful model we evaluate, Gemini-2.5 Flash, achieves the best score of
57.00% followed by Claude 3.7 Sonnet, which attains 53.90%. The best open source models like
LLaVA-v1.6 Mistral (7B) and ShareGPT4V (13B) achieves the accuracy of 15.20% and 12.80%
respectively. We additionally create a diagram only subset (test-img) of the benchmark to gauge the
gap in visual reasoning abilities between the multi-modal models and average human capability. We
find that the performance of these models drops further to 26.20% for Claude-3.7 Sonnet and 32.50%
by Gemini-2.5 Flash when evaluated on test-img only. In contrast with human cognitive patterns,
when given text descriptions in place of the diagram in these questions, model accuracy improves by
∼4-7%. We also conduct an error analysis on Claude-3.7 Sonnet, Gemini-2.5 Flash and GPT-4o, and
find that the most common errors stem from misunderstanding diagrams (∼ 60%), misidentifying
logical patterns (∼ 25%), and forgetting relational information (∼ 12%).
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(a) Dataset categorization (b) Results on closed source models

Figure 2: An overview of POLYMATH’s distribution and difficulty (a) exhibits the per-category split
of the 5000 questions in the dataset, along with the split of with diagram (WD) and without diagram
(WoD) for that category ; (b) Compares the per-category performance of various MLLMs.

2 Related Work

The development of MLLMs builds on the progress of LLMs [3, 25, 26, 2] and large vision models
[27–30]. These models extend LLMs to handle a wider range of tasks across multiple modalities,
including 2D images [31–34], 3D point clouds [35, 36], audio [37, 7], and video [38, 39].
Notable examples like OpenAI’s GPT-4V [5] and Google’s Gemini [6] demonstrate advanced visual
reasoning capabilities, setting new benchmarks in the multimodal space.

As MLLMs rapidly advance [40], there is a growing need for benchmarks that evaluate mathematical
problem-solving in visual contexts. Existing benchmarks, such as GeoQA [41], VQA [42], and
UniGeo [43], focus mostly on geometric problems. Other efforts target skills in abstract scenes,
geometry diagrams, charts, and synthetic images [43, 44]. Recent datasets also assess external
knowledge, commonsense reasoning, and scientific or medical understanding [45]. MathVista [17]
expands multimodal math tasks, while MMMU [46] focuses on college-level problems. Prior work
evaluates LLMs across diverse domains like QA, mathematics, and science [47, 48], while recent
research [49] explores whether models like GPT-4V perform vision and language tasks independently
or together.

Existing extensive benchmarks [18–20, 50] primarily focus on concrete, real-world problems within
specific domains. These benchmarks often include comparatively simple diagram interpretation
questions involving plots or mathematical questions related to geometry, which primarily evaluate
models’ abilities to parse information from a single image and solve problems using well-established
logical principles and formulae. However, they do not sufficiently test models’ capabilities in
abstract visual reasoning, including spatial recognition, visual logic and puzzle solving, and pattern
recognition. This limitation represents a notable gap, as visual puzzle tasks require logical leaps
that differ fundamentally from reasoning patterns over textual or linguistic problems. Moreover,
spatial reasoning questions assess models’ abilities to internalize and manipulate configurations in 3D
space, as well as reason over spatial information and infer implicit relationships based on positional
data. This category of questions aligns closely with human cognition and reasoning abilities, and
evaluating model performance against human baselines on these questions reveals the substantial gap
in reasoning abilities that models must bridge to approach human-comparable reasoning capability.
Our proposed dataset aims to address this gap by challenging and comprehensively evaluating
previously underexplored model skills in categories where their performance still lags significantly
behind human reasoning baselines. Additionally, we provide a detailed analysis of the strengths
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Category PS FC PR SC RR MR NR SR OD LR Overall

Full dataset

Questions with Diag. 114 233 472 160 206 157 162 246 151 3 1904
Questions w/o Diag. 39 0 664 398 319 964 58 191 246 217 3096
Total Questions 153 233 1136 558 525 1121 220 437 397 220 5000

testmini

Questions with Diag. 27 47 102 33 47 28 30 53 38 0 405
Questions w/o Diag. 4 0 125 79 58 196 14 34 41 44 595
Total Questions 31 47 227 112 105 224 44 87 79 44 1000

test-img

Total Questions 60 122 248 84 108 82 85 129 79 3 1000

Table 1: An overview of the per-category distribution of questions in the test, testmini, and test-img
splits of POLYMATH. testmini and test-img are 1000-instance subsets, aimed at faster and image-
focused evaluations respectively. We also report the frequency of with diagram and without diagram
questions for each category.

and weaknesses of these models across a wide range of categories and skills, shedding light on
specific reasoning errors and their frequency of occurrence across categories and in comparison to
one another.

3 Curating POLYMATH

POLYMATH is curated mainly from questions directed at students taking the National Talent Search
Examination, a nationwide competitive exam held by the National Council of Educational Research
and Training of India. These questions and their solutions are created by experts in their fields and
rigorously peer-reviewed, and thus contain minimal errors. These questions aim to assess Scholastic
Aptitude (SAT), or the ability to recall domain-specific scientific and mathematical knowledge, as
well as Mental Ability (MAT), or the ability to think logically and apply a range of analytical skills.
We catalog the skills assessed by each sample along the categorization schema defined in Table 2.

3.1 Collection Pipeline

To guarantee high-quality data, we manually collected image snippets and engineered a streamlined,
automated framework for curation and annotation. Continuous human reviews were conducted
throughout the process, ensuring quality and preventing error propagation.

• Step 1: We generate a universally unique identifier (UUID) for a given question paper to
identify all the questions curated from it.

• Step 2: Annotators manually collected separate snippets of each question and their associated
contextual information (including disconnected pieces) that apply to multiple questions.

• Step 3: An image merging script automatically identified and merged question images (in
case the question gets split by pages) with their relevant context images.

• Step 4: We used an LLM to transcribe the questions and their ground truth answers. We
also generate additional metadata, including category (§3.2), whether it contains a diagram ,
and image description (§3.3). A manual check was performed to ensure the quality of the
generated metadata.

• Step 5: An annotation file, where each row corresponds to a question, is automatically
created and populated.

3.2 Dataset categorization

We develop a categorization schema that catalogues questions on basis of the information provided
and the type of reasoning assessed by the question. Based on the continuous human evaluation during
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Category name Definition Avg
len

Max
len

Perspective Shift (PS) A figure is given and the solver is instructed to morph it
according to the instructions (flip, mirror image, rotate, etc.) 18.60 59

Figure Completion (FC)

A figure is given with an arrangement of numbers or characters
such that their relationship to one another based on their position
in the figure is consistent. The goal is to complete the figure and
identify the element missing from a marked position.

23.97 364

Pattern Recognition (PR)

This requires the understanding of a one-to-one relationship
or pattern and replicating that pattern. For example, given the
relationship between a and b, determining the equivalent of
b to c. Questions involving substituting characters and
operations in a pre-defined pattern fall into this category.

31.98 391.4

Sequence Completion (SC) Given a sequence of numbers or figures, this question
involves finding the sequentially next element in a series. 30.22 227

Relative Reasoning (RR)

The question contains distinct data points and their relationship
with one another. The solver must extrapolate relationships that
may not be explicitly mentioned to answer the questions.
Questions involving Venn diagrams, family relations, or relative
positions given a reference point fall into this category.

27.22 137

Mathematical Reasoning (MR) This question entails calculations of a mathematical nature,
such as solving a given equation. 25.61 156

Numerical Reasoning (NR)
Questions involving counting the number of elements
mentioned. The elements may be part of a single figure
or conform to a specified pattern.

15.63 65

Spatial Reasoning These questions require the solver to visualize the context
and reason observationally to arrive at the answer. 27.67 78

Odd One Out (OD) Given a set of elements, identify the element that is not like
the others. 26.64 214

Logical Reasoning (LR) Questions involving simple logical reasoning such as
entailment and contradiction. 34.68 144

Overall 27.68 391.4

Table 2: An overview of our question categorization schema. Questions are categorized on the basis
of the information provided in the question and the reasoning skills assessed.

collection, we identify 10 distinct question categories. We enumerate these categories along with
their definitions in Table 2. We further distinguish between questions with diagram and without
diagram. The overall per-category distribution, along with the with diagram and without diagram
split, is visualized in Figure 2.

3.3 Additional metadata

The complexity of collected question images and the heavy presence of diagram-based reasoning
tasks makes POLYMATH a challenging multi-modal benchmark. To make POLYMATH usable for
both text and vision model evaluations, we provide transcriptions of questions and answers. To further
facilitate text-based evaluation, we generate detailed, human-vetted text descriptions of attached
diagrams such that a human could visualize the image based on this description Results on text-only
characterization of questions in our dataset can be found in §4.3.

3.4 Quality Assurance

Following the collection and annotation process, we conduct a comprehensive quality check. We
discard samples that are [1] of low resolution, [2] outside the scope of the categories (Table 2), or
[3] missing vital information. We also discard samples with noticeable watermarks and other visual
noise that renders the sample illegible. Our subject-expert annotators rectify incorrectly-extracted
ground truth answers. Concurrently, we verify that the questions belong to their assigned categories,
and correct any observed misalignments therein.
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Category PS FC PR SC RR MR NR SR OD LR Overall

Baseline

Random chance 9.68 4.26 6.61 9.82 9.52 9.82 15.91 6.90 7.59 9.09 8.60
Human eval 51.08 70.57 61.82 69.35 69.84 76.64 58.71 62.64 64.98 51.14 66.62

Zero Shot Inference

GPT-4o 29.79 47.73 38.84 29.55 31.65 34.36 25.81 44.83 38.39 32.18 36.60
Gemini-2.5 Flash 41.94 51.06 46.26 57.14 59.05 47.32 45.45 49.43 51.90 77.27 51.20
Claude-3.7 Sonnet 35.48 48.94 45.37 56.25 57.14 45.09 40.91 46.67 49.37 65.91 48.60

Few Shot Inference

GPT-4o 29.03 14.89 33.48 38.39 40.00 40.18 18.18 36.78 21.52 50.00 34.60
Gemini-2.5 Flash 48.39 59.57 47.58 60.71 61.90 49.11 52.27 51.72 54.43 84.09 54.20
Claude-3.7 Sonnet 41.94 53.19 46.26 58.93 59.05 46.88 47.73 49.43 51.90 75.00 51.40

Chain-of-Thought Prompting Inference

GPT-4o 21.28 54.55 41.96 25.00 27.85 29.96 9.68 40.95 41.07 33.33 35.00
Gemini-2.5 Flash 51.61 65.96 48.02 64.29 64.76 49.55 59.09 57.47 58.23 93.18 57.00
Claude-3.7 Sonnet 54.84 55.32 46.70 61.61 63.81 47.77 50.00 55.17 54.43 77.27 53.90

Step Back Prompting Inference

GPT-4o 12.77 45.45 42.41 27.27 31.65 34.80 16.13 41.90 41.07 37.93 36.50
Gemini-2.5 Flash 48.39 59.57 47.58 62.50 64.76 48.21 54.55 55.17 58.23 88.64 55.40
Claude-3.7 Sonnet 48.39 48.94 45.37 60.71 63.81 47.77 45.45 55.17 53.16 75.00 51.90

Table 3: Results of closed-source LLMs on the testmini split of POLYMATH. We report model results
using the following prompting strategies: zero-shot inference, few-shot inference, Chain-of-Thought,
and Step Back prompting. For each prompting setting, the highest and lowest scores achieved by
a model per category are highlighted. In addition to model accuracy, we report a Random chance
baseline (i.e. the accuracy of a model that randomly selects an option without visibility into the
question, and a Human eval baseline, where we report the average scores of six human evaluators.)

3.5 Division of the testmini Subset.

The final iteration of POLYMATH comprises 5000 questions. To enable faster model validation, we
extract a 1000-instance subset, testmini, using stratified sampling over all categories. All quantitative
results reported were obtained on this testmini subset of POLYMATH. We also create a test-img
question set, consisting solely of 1000 with diagram questions, aimed at faster, focused assessment of
models’ visual comprehension. We use a random sampling strategy to create test-img due to diagram
imbalance. 2 For data distribution, see Table 1.

4 Experiments

We conduct a systematic evaluation of existing MLLMs on POLYMATH. We first introduce the
experimental setup in this section. Then we present our findings followed by multiple dataset analysis
experiments.

4.1 Experimental Setup

Evaluation Models: We examine the performance of foundation models across two distinct
categories on POLYMATH: (a) Closed-source MLLMs, represented by models like GPT-4o
(gpt-4o-2024-05-13) Gemini-2.5 Flash (Gemini-2.5-flash-002) [6], Claude-3.7 Sonnet
(claude-3-7-sonnet) (b) Open-source MLLMs, such as LLaVA (v1.5-13B, v1.6-Mistral-7B,
v1.6-Vicuna-13B) [51], LLaVA-v1.6-34B [52], G-LLaVA (7B, 13B) [53], ShareGPT4V (7B, 13B)
[54] & Qwen2-VL-2B-Instruct [55] (c) Text Based LLMs Reka Flash [56], Llama-3 (70B) [57],
Mistral Large [58]. We conduct experiments on open-source models using six NVIDIA A100 GPUs.

Implementation Details All reported results are on the testmini subset. As a comparative baseline,
we simulate random chance by selecting a random option for multiple-choice questions over 1000
trials. Additionally, the problems in POLYMATH were independently solved by the paper’s authors

2All datasets (test, testmini and test-img) will be publicly released
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Model PS FC PR SC RR MR NR SR OD LR Overall

Qwen2 VL (2B) Instruct 9.38 2.13 6.17 6.25 8.57 3.57 4.55 4.60 8.86 2.27 5.60
LLaVA-v1.6 Mistral (7B) 6.45 4.26 14.98 14.29 18.10 15.18 9.09 19.54 22.78 13.64 15.20
G-LLaVA (7B) 12.90 0.00 9.25 3.57 5.71 7.59 2.27 4.60 3.80 6.82 6.30
ShareGPT4V (7B) 6.45 10.64 16.30 13.39 7.62 11.61 11.36 11.49 10.13 11.36 12.10
LLaVA-v1.6 Vicuna (13B) 12.90 12.77 8.37 8.04 13.33 5.80 15.91 6.90 13.92 4.55 9.10
LLaVA 1.5 (13B) 3.23 14.89 7.49 11.61 7.62 6.70 9.09 8.05 11.39 13.64 8.70
ShareGPT4V (13B) 9.68 17.02 13.66 12.50 15.24 10.71 9.09 12.64 17.72 6.82 12.80
G-LLaVA (13B) 13.67 2.33 11.12 5.69 7.98 10.23 1.07 6.70 5.76 7.98 8.26
LLaVA-v1.6 (34B) 9.68 25.33 9.69 12.50 6.67 10.71 13.64 10.34 15.19 9.09 11.30

Table 4: Results of open-source MLLMs on the testmini split of POLYMATH. We report model
results using zero shot inference. The highest and lowest scores achieved by a model in each
category are highlighted.

(four engineering graduates and two PhDs), serving as a human performance baseline. We evaluate
the benchmark using various prompting methods, including zero shot, few shot (2-shot), Chain-of-
Thought [23], and Step Back prompting [24]. For multiple-choice questions, we use exact match for
answer comparison. The model inference prompts are structured to elicit a step-by-step solution, the
final answer, and the corresponding option. As part of our analysis, we conducted three additional
experiments: (1) analyzing model performance on the test-img split, (2) converting the questions from
test-img into text, along with the transformation of diagrams into descriptions, and (3) evaluating
OpenAI o1 models on questions without diagrams.

4.2 Results

Closed Source Models Across various prompting strategies (Table 3), Gemini-2.5 Flash performed
best with these advanced prompts, achieving up to 57.00% accuracy in Step Back Prompting,
compared to 54.20% in few shot. Claude-3.7 Sonnet followed closely, especially in FC and PS
questions, showing strong performance with zero shot and Step Back Prompting. GPT-4o Flash
performed moderately across all categories but lacked dominance in any specific area. In terms of
prompting strategies, Chain-of-Thought and Step Back Prompting enhanced the performance of
top models like Claude-3.7 Sonnet and Gemini-2.5 Flash, allowing them to excel in tasks requiring
structured reasoning and re-evaluation. Both strategies led to marked improvements over zero shot
prompting, in categories like SR, PR, and LR.

Open Source Models Table 4 showcases the results of open-source MLLMs. LLaVA-v1.6-Mistral-
7B model achieved the highest overall score of 15.2%. It excelled in OD (22.78%), SR (19.54%), RR
(18.1%), and MR (15.18%) indicating its proficiency in generating precise, coherent, and relevant
responses, even for out-of-distribution samples. The ShareGPT4V (13B) model exhibited the second-
highest overall score of 12.8%, with outstanding performance in the PR (13.66%), SC (12.5%), RR
(15.24%), MR (10.71%), SR (12.64%), and OD (17.72%) categories. Other models, such as LlaVA-
v1.6-Vicuna 13B, LlaVA-1.5 (13B), G-LLaVA (13B), and LlaVA-v1.6 (34B), exhibited varying levels
of success across the different categories, highlighting their individual strengths and weaknesses in
handling the diverse reasoning aspects tested by the dataset.

Human Evaluation To ascertain the difficulty of the dataset, we asked six graduate students
specifically for the evaluation of human performance on POLYMATH. We assigned questions from a
specific problem category to each student. They were asked to provide only the final answer without
detailed reasoning, simulating zero-shot inference.

4.3 Experimental Analysis

MLLMs Rely More on Image Descriptions than Image To evaluate the visual reasoning capabil-
ities, we used test-img subset, which contains questions with diagrams. Additionally, we generated
a text-only version of test-img by replacing all diagrams with detailed textual descriptions. Both
experiments were carried out in a zero shot setting. Our analysis reveals three key findings. First, we
observed a noticeable decline in performance on test-img, particularly for models like GPT-4o and
Claude-3.7 Sonnet, compared to their results on the testmini subset. This suggests that both models
perform well on questions without diagrams, and their decreased accuracy on test-img is largely due
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Category PS FC PR SC RR MR NR SR OD LR Overall

MLLM Inference on Diagrams (Multi-modal)

GPT-4o 20.00 20.49 22.18 19.05 23.15 20.73 20.00 17.05 34.18 66.67 21.80
Gemini-2.5 Flash 26.67 34.43 27.42 36.90 39.81 35.37 22.35 28.68 41.77 100.00 32.10
Claude-3.7 Sonnet 43.34 33.61 27.42 29.76 37.03 31.71 34.12 26.36 37.98 100.00 26.20

MLLM Inference on Diagram Descriptions (Text-only)

GPT-4o 26.67 28.69 29.44 23.81 31.48 34.15 30.59 29.46 27.85 33.33 29.30
Gemini-2.5 Flash 38.33 34.43 27.82 35.71 28.71 41.46 25.88 26.36 34.17 100.00 31.50
Claude-3.7 Sonnet 43.34 33.61 29.43 29.76 40.74 42.69 42.36 32.56 45.57 100.00 33.50

LLM Inference on Diagram Descriptions (Text-only)

Mistral Large 15.00 13.11 11.29 15.48 18.52 13.41 9.41 17.83 25.32 33.33 14.90
Reka Flash 16.67 13.93 12.10 16.67 19.44 14.63 9.41 18.60 26.58 33.33 15.80
Llama-3 (70B) 16.67 13.93 11.69 16.67 19.44 14.63 10.59 18.60 26.58 33.33 15.80

Table 5: Visual comprehension ablation results on test-img. We compare [1] multi-modal inference
with diagrams and [2] unimodal inference using text descriptions. Highest and lowest scores per
category are highlighted. Unimodal LLM performance on text-only questions is also reported.

Figure 3: Frequency of LF and SM errors across different question categories. We report per-model
figures to enable a comparison of model abilities. They are most prevalent in the OD, PR, and SC
categories of questions, owing to the amount of logical leaps and visual reasoning required by these
questions.

to the presence of diagram-based problems. Second, when we replaced the diagrams in test-img with
text descriptions, the performance of all models improved by ∼ 6%, indicating that the models strug-
gle with diagrams and benefit from textual representations. Finally, we evaluated popular text-only
LLMs such as LLaMA-3 (70B), Reka Flash, and Mistral Large on the text-description version of
test-img. Their scores (∼ 15%) were lower than those of the MLLMs (∼ 27%), underscoring the
advantage of multi-modal models in handling visually-grounded tasks.

A Closer Look at Model Errors We analysed 203 samples where all three state-of-the-art MLLMs
(Claude-3.7 Sonnet, GPT-4o and Gemini-2.5 Flash) gave incorrect answers on testmini. Based on
the manual inspection of the responses, we identified 7 types of errors that MLLMs make. The most
common error on this dataset was Logical Flaw (LF), occurring in nearly ∼ 60% of incorrect samples.
Spatial Misunderstanding (SM), which involves a lack of understanding of diagram structure and
content, was a close second (∼ 20%). Figure 3 shows the category-wise distribution of the two types
of error. These errors were most prevalent in OD, PR, and SC category of questions, as making
uncommon logical leaps and fully comprehending visuals is integral to solving these. Furthermore,
in questions involving extrapolation over multiple weakly connected data points, models came to
conclusions that contradicted earlier data, indicating a lack of information retention. Finally, we
found that models fell into identical fallacious reasoning patterns, e.g. assuming that a pattern holds
across each row when a pattern is replicated across columns. The category with the highest % of
shared errors was PR, where we observed that GPT, Gemini, and Claude followed the same incorrect
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reasoning structure on nearly 80% of the analysed samples. Thus, despite their differences, in practice
we see that MLLMs share the same strengths and shortcomings.

5 Conclusion

In this work, we introduce POLYMATH, a benchmark designed to systematically analyze the
mathematical reasoning capabilities of state-of-the-art models in visually complex scenarios. Our
evaluation of 14 prominent foundation models highlights that significant advancements have been
made, especially with the GPT-4o and Claude-3.7 Sonnet models. However, a substantial gap of ∼
10% still exists between Gemini-2.5 Flash, the best-performing model, and human performance. This
disparity sets a clear direction for future research, emphasizing the need for models that can seamlessly
integrate mathematical reasoning with visual comprehension. Moreover, our analysis of model
reasoning errors and experiments on samples containing diagrams and their textual representations
offer valuable insights for future investigations.
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