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Abstract

Reasoning plays a crucial role in advancing Multimodal
Large Language Models (MLLMs) toward Artificial Gen-
eral Intelligence. However, existing MLLM benchmarks of-
ten fall short in precisely and comprehensively evaluating
long-chain reasoning abilities from three key aspects: (1)
lack of difficulty and diversity, (2) susceptibility to guess-
ability and memorization, (3) inadequate assessment of in-
termediate reasoning steps. To fill this gap, we introduce
MMReason, a new benchmark designed to precisely and
comprehensively evaluate MLLM long-chain reasoning ca-
pability with diverse, open-ended, challenging questions.
First, we curate challenging questions requiring multi-step
reasoning from various fields (i.e., 6 disciplines) and mul-
tiple difficulty levels (i.e., from pre-university to university,
and from foundational to competition tiers). Second, these
questions are reformulated into an open-ended format and
filtered using a multi-model voting technique to eliminate
shortcut cases related to guessing and memorization, en-
suring robust reasoning evaluations. Third, we annotate
the questions with detailed step-by-step solutions, and de-
sign a reference-based ternary scoring mechanism to re-
liably assess intermediate reasoning steps. With MMRea-
son, we benchmark popular leading MLLMs and provide an
in-depth analysis of their reasoning capabilities. We hope
MMReason will serve as a valuable resource for advancing
MLLM reasoning research.

1. Introduction

Recent breakthroughs in the reasoning capabilities of
Large Language Models (LLMs) [11, 18, 23, 36, 44]
are progressively paving the way toward AGI. Inspired
by these advances, Multimodal Large Language Models
(MLLMs) [35, 45, 46, 59] have shifted their focus toward
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(a) Guessability issues in existing benchmarks.
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(b) Memorization issues in existing benchmarks.
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(c) New robust questions and methods for long-chain reasoning evaluation.

Figure 1. Existing benchmarks are susceptible to (a) guessability,
where MLLMs arrive at correct answer by guessing despite flawed
reasoning, and (b) memorization, where models recall leaked
question types and answers rather than reasoning. We propose (c)
a robust open-ended benchmark designed to evaluate long-chain
reasoning by assessing both intermediate steps and final results.

long-chain reasoning, and aim to integrate textual and vi-
sual information to generate long-chain reasoning steps, ul-
timately solving complex problems across various domains.
Leading-edge MLLMs, such as GPT-o1 [18], have exhib-
ited exceptional understanding and reasoning abilities, even
surpassing human performance. For example, on Math-
Vista [25], GPT-o1 achieves a score of 73.9%, which sig-
nificantly outperforms the human performance of 60.3%.
Despite these advancements, a critical question arises: how
well do existing benchmarks truly evaluate the reasoning
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abilities of MLLMs?
While existing benchmarks [9, 10, 21, 24, 25, 51, 53]

have laid the foundation for early-stage MLLM research
and development, they often fall short in precisely and com-
prehensively evaluating MLLM long-chain reasoning capa-
bilities. We identify three key limitations: (1) Limited Diffi-
culty and Diversity. Most existing MLLM benchmarks con-
sist primarily of simple textual questions paired with eas-
ily interpretable images from limited domains, posing min-
imal challenges for today’s advanced models. These ho-
mogeneous, low-complexity questions require little long-
chain reasoning, making them insufficient for comprehen-
sively assessing MLLMs’ long-chain reasoning capabilities.
(2) Susceptibility to Guessability and Memorization. Most
existing MLLM benchmarks are dominated by multiple-
choice questions (MCQ), e.g., 94% of MMMU is MCQ.
However, as illustrated in Figure 1, we observe that MCQ
questions are susceptible to guessing and memorization is-
sues. Specifically, MLLMs may arrive at the correct final
answer either via random guessing or by recalling leaked
and memorized benchmark data, even when their interme-
diate reasoning steps are incorrect. These shortcuts un-
dermine the reliability of existing benchmarks in precisely
measuring true long-chain reasoning capabilities. (3) Lack
of Intermediate Steps Evaluation. Most existing MLLM
benchmarks assess only the final answer, neglecting the
evaluation of intermediate reasoning steps, especially for
multi-disciplinary exam questions that require complex,
multi-step reasoning and critical thinking. This oversight
prevents a thorough assessment of MLLMs’ step-by-step
reasoning processes.

To tackle these challenges, we propose MMReason,
an open-ended, Multi-Modal, and Multi-Step Reasoning
benchmark designed for precisely and comprehensively
evaluating MLLM long-chain reasoning capabilities. MM-
Reason is characterized by three key aspects:

1. Collect challenging and diverse reasoning questions.
We first reuse existing benchmarks [3, 5, 53, 54] by
carefully selecting and collecting questions that requires
long-chain reasoning from them. On the other hand,
given the limited difficulty and diversity of these bench-
marks, we further curate more challenging questions
by sourcing new ones from the internet across vari-
ous education grades and difficulty levels, covering pre-
university school exams, Olympiad competitions, uni-
versity exams, and university-level competitions. These
questions span six widely studied disciplines (i.e., Math-
ematics, Business, Science, Engineering, Social Sci-
ence, and Health), encompassing both foundational and
competition-level topics. Solving them requires critical
thinking and multi-step reasoning, making them well-
suited for assessing MLLMs’ advanced long-chain rea-
soning capabilities.

2. How can we mitigate imprecise reasoning evaluation
caused by guessability and memorization? To reduce
evaluation biases stemming from these issues, we em-
ploy two data-filtering strategies. First, since the col-
lected data includes multiple-choice questions, we select
those with unambiguous answers and manually reformu-
late them into open-ended questions to minimize guess-
ability. Second, to address memorization issues, we de-
sign a multi-model voting technique to filter out leaked
and memorized questions. This approach also enhances
the multimodal relevance of the collected questions. In
this way, if a MLLM can still derive the correct final
answer after potential shortcuts (e.g., random guessing
from choices and recalling leaked answers) have been
eliminated, we believe its intermediate reasoning steps
are much more likely to be valid. This, in turn, enables
MMReason to provide a more precise assessment of
MLLMs’ final answer reasoning abilities while also indi-
rectly reflecting their intermediate reasoning processes.

3. How can we evaluate intermediate reasoning steps pre-
cisely and reliably? We annotate questions with de-
tailed step-by-step solutions and design a reference-
based ternary scoring mechanism to reliably evaluate
MLLMs’ intermediate reasoning steps. Specifically, we
use GPT-4o to break down model responses into key
steps, and prompt GPT-4o to score each step with the
aid of annotated references, categorizing them as correct,
unverifiable, or incorrect. With these references, this
process mirrors a human grader evaluating a student’s
problem-solving steps. Moreover, since some problems
have multiple valid solutions, a grader may be unable to
determine a step’s correctness. In such cases, assigning
a neutral score is a more reasonable choice. Through
this approach, MMReason provides a more precise and
reliable evaluation of MLLMs’ intermediate reasoning
ability.

With MMReason, we evaluate the long-chain reasoning
abilities of popular and leading MLLMs from the perspec-
tives of both intermediate reasoning steps and the reasoned
final answer. Our contributions are summarized as follows:

(1) We curate new challenging and diverse questions
across multiple grade levels and difficulty tiers to compre-
hensively assess MLLMs’ long-chain reasoning abilities.

(2) We investigate the issues of guessability and mem-
orization in existing multimodal benchmarks. To address
them, we introduce two data-filtering strategies to eliminate
shortcuts (e.g., random guessing from choices and recalling
leaked answers), aiming to precisely evaluate the multi-step
reasoning capabilities of MLLMs.

(3) We annotate questions with detailed step-by-step so-
lutions and design a reference-based ternary scoring mech-
anism to reliably evaluate MLLMs’ intermediate steps.

(4) We evaluate various leading MLLMs with MM-
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Benchmark Question Source (Grade & Difficulty) Diverse
Disciplines

Questions
Filtering

Intermediate Steps
Evaluationpre-university university Foundational Competition

MathVista [25] ✓ ✗ ✗ ✗ ✗ ✗ ✗
MMMU [53] ✗ ✓ ✓ ✗ ✓ ✗ ✗
MM-Math ✓ ✗ ✓ ✗ ✗ ✗ ✗
OlympiadBench [12] ✓ ✗ ✗ ✓ ✗ ✗ ✗
MME-CoT [19] ✓ ✗ ✓ ✗ ✗ ✗ ✓

MMReason (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1. Comparison of our MMReason with existing multimodal benchmarks

Reason, demonstrating it is a challenging benchmark for
long-chain reasoning. Notably, the best model Gemini-2.5-
pro [6] achieves 45.1% final answer reasoning accuracy and
79.2% intermediate steps reasoning score.

2. Related Work
2.1. Reasoning MLLMs
The rapid growth of MLLMs [2, 8, 17, 20, 31, 33, 38, 43,
47, 49, 55] has endowed them with extensive knowledge
and robust multitasking capabilities, enabling their applica-
tion across complex and diverse domains [13, 14, 56]. More
recently, inspired by advancements in reasoning within
LLMs [11, 18, 34, 36, 40], e.g., Openai-o1’s [18] de-
liberative thinking time before responding and DeepSeek
R1’s [11] large-scale reinforcement learning for enhanced
reasoning, MLLMs have increasingly shifted their focus to-
ward reasoning as well [4, 15, 22, 28, 35, 45, 46, 48, 57, 59].
Several works [30, 45, 59], e.g., LLaVA-CoT [45], lever-
age chain-of-thought to enhance MLLMs reasoning capa-
bilities. Others [42, 46] employ MCTS-based methods to
strengthen their reasoning abilities, such as Mulberry [46]
which introduces collective knowledge to MCTS to search
reasoning paths, thereby enhancing reasoning and reflection
capabilities. Moreover, some open-source projects [4, 39]
apply reinforcement learning to multimodal field, follow-
ing DeepSeek-R1 [11]. The advancement of reasoning
MLLMs prompts us to develop a more precise and com-
prehensive multimodal benchmark for evaluating their in-
termediate and final reasoning capabilities.

2.2. Multimodal Benchmark
Previous benchmarks [1, 3, 5, 9, 10, 12, 16, 19, 21, 24, 26,
29, 41, 50–54, 58, 60] effectively evaluate the performance
of earlier MLLMs from various perspectives, including per-
ception, cognition, and hallucination, laying the ground-
work for their development. However, as MLLMs rapidly
advance in reasoning, existing benchmarks have inevitably
become simplistic and homogeneous, with many domi-
nated by multiple-choice and true/false questions, which
limits their effectiveness in providing precise and com-
prehensive evaluations. Recently, MMMU [53] evaluates
MLLMs using multi-disciplinary university exam ques-
tions but remains heavily reliant on multiple-choice ques-

tions. OlympiadBench [12] introduces a more challeng-
ing competition-level benchmark but is limited to mathe-
matics and physics problems. MMStar [3] mitigates data
leakage in existing benchmarks but also overlooks shortcuts
in the questions. More recently, MME-CoT [19] bench-
marks chain-of-thought reasoning in MLLMs across three
dimensions: quality, robustness, and efficiency. In com-
parison, our proposed benchmark covers both foundational
and competition-level problems, consisting of newly col-
lected and reformulated questions, spanning various educa-
tional levels and 6 diverse disciplines. Besides, we observe
that guessability and memorization issues exist in most cur-
rent benchmarks, affecting the precision of evaluations. To
address them, we first conduct an in-depth study in Sec-
tion 3, then propose optimization methods by removing
shortcuts (i.e., options) in questions and applying multi-
model voting-based filtering. Additionally, we employ a
reference-based ternary scoring mechanism to reliably as-
sess intermediate reasoning steps.

3. Analysis and Motivation

In this section, we delve into the issues of guessability
and memorization in multimodal benchmarks, which hin-
der the effective evaluation of MLLM reasoning abilities.
Additionally, we provide illustrations and experimental re-
sults to support our observations.

(1) Guessability. Current multimodal benchmarks pre-
dominantly feature multiple-choice and true/false questions
due to their ease of collection and evaluation. However,
questions containing shortcuts [(i.e., candidate true an-
swers)] have inherent flaws that limit their ability to effec-
tively evaluate the reasoning capabilities of MLLMs. As
illustrated in Figure 2 (Left), during the reasoning process,
the model generates incorrect reasoning but still selects the
correct answer. This suggests that MLLMs have a high like-
lihood of guessing the correct answer [among the several
candidate answers] rather than reasoning, leading to impre-
cision in reasoning evaluation.

(2) Memorization. Different from previous studies [3]
that analyze unintentional data leakage in current bench-
marks, this paper conducts a more in-depth study by re-
moving shortcuts to further illustrate the issue of memoriza-
tion in evaluation. With the rapid development of MLLMs,
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To find the perimeter of trapezoid P Q R S, we need to calculate the lengths 
of all its sides.

1. **Side PR:**
- Given that angle P is 45° and side PS is 10 units.

- In a 45°-45°-90° triangle, the sides are in the ratio 1:1: 2

- Therefore, side PR = 10 2 units.

2. **Side QR:**
- Given that angle Q is 30° and side PQ is 12 units.
- In a 30°-60°-90° triangle, the sides are in the ratio 1: 3 :2.
- Therefore, side QR = 12 3 units.

3. **Side RS:**
- Given that side RS is 10 units.

4. **Side PS:**
- Given that side PS is 10 units.

Now, we can calculate the perimeter of the trapezoid by adding the lengths 
of all its sides:
[Perimeter = PR + QR + RS + PS ]
[Perimeter = 10 2 } + 12 3 + 10 + 10 ]

[Perimeter = 10 2 + 12 3 + 20 ]

Therefore, the perimeter of trapezoid P Q R S is (10 𝟐 + 12 𝟑 + 20) units.

The correct answer is D: (38+6 𝟐 +6 𝟑)

Question: Generate a step-by-step reasoning 
process to solve the problem. Question: Find 
the perimeter of trapezoid P Q R S.
Choices: A: 38; B: 38+6 𝟐; C: 38+6 𝟑 D: 

38+6 𝟐+6 𝟑
Solution: 

Since AB is the diameter of circle O, we have angle ACB = 90°. 

Therefore, angle B = 90° - angle ADC = 90° - 26° = 64°. 

Since angle CAB = angle B, we have angle CAB = 64°. 

Therefore, the answer is (C).

Question: As shown in the figure, AB is the diameter of ⊙O, CD is 
the chord of ⊙O, ∠ADC = 26.0, then the degree of ∠CAB is ()
Choices: (A) 26° (B) 74° (C) 64° (D) 54°

解：∵四边形ABCD是菱形，

∴AC⊥BD，OA=OC=1/2 * AC=3，
OB=OD=1/2 * BD，

∴∠AOB=90°，

∴BD=2OB=2OD=2 32 + 32=6 2，

∴EF=1/2 * BD=3 2．

故选：B．

Question: 如图，E，F分别是菱形ABCD的边AB，AD的中点，且AB＝
5，AC＝6．则EF的长为（）
Choices: (A) 4 (B) 5 (C) 5.5 (D) 6
Translation: As shown in the figure, E and F are the midpoints of sides 
AB and AD of the rhombus ABCD, respectively. Given that AB = 5 and 
AC = 6, the length of EF is ().

Solution:  
Since quadrilateral ABCD is a rhombus,  

∴ AC ⊥ BD, and OA = OC = 1/2 * AC = 3,  
OB = OD = 1/2 * BD.  

∴ ∠AOB = 90°,  

∴ BD = 2OB = 2OD = 2 32 + 32 = 6 2,  

∴ EF = 1/2 * BD = 3 2

Thus, the correct answer is: B.

Figure 2. Examples of Guessability (Left) and Memorization (Right) issues. In the left figure, the model arrives at an incorrect numerical
answer through multi-step reasoning but ultimately guesses the correct option by chance. In the right figure, we remove the choices from the
original question before inputting it into MLLMs, yet the model still generates an answer choice, indicating the presence of memorization
issues in existing benchmark.

the amount of data they are exposed to and their memoriza-
tion ability continue to grow. Therefore, it is inevitable that
models encounter similar questions and memorize their an-
swers during training. As shown in Figure 2 (right), we re-
move the options from the input, but MLLMs still generate
the correct option, indicating that they have already memo-
rized the answers rather than learning to reason, leading to
the correct answer.

To support our observations, we conduct experiments on
existing benchmarks by comparing the original accuracy
with the accuracy after removing these shortcuts, as shown
in Table 2. Experimental results show that when options in
existing benchmarks are removed, MLLMs fail to produce
the correct answers, even for questions they originally an-
swered correctly. Notably, the performance of Qwen2-VL-
7B on MathVista dropped sharply from 58.2% to 37.8%.
This indicates that MLLMs have not truly learned to reason,
and in most cases, the intermediate responses generated by
MLLMs are incorrect. Therefore, this motivates us to con-
struct a more effective benchmark for precisely evaluating
the multi-step reasoning capabilities of MLLMs.

4. MMReason

In this section, we provide a detailed introduction to the
construction process and evaluation strategy of MMRea-
son. Section 4.1 elaborates on our dataset curation process,

Benchmark Input GPT-4o Qwen2-VL-7B

MathVista [25] {Q, C, I} 63.8 58.2
{Q, I} 40.8 37.8

Table 2. Performance Comparison of Removing Choices from
Existing Benchmarks. By removing answer choices, instances
of guessability and memorization are reduced as MLLMs are re-
quired to reason and conclude the answers by themselves instead
of simply picking one, leading to a more precise evaluation of
MLLMs’ long-chain reasoning capabilities.

while Section 4.2 introduces our multi-model voting filter-
ing method for selecting unmemorized and visually relevant
data. Finally, we outline the strategies for evaluating inter-
mediate and final reasoning capability in Section 4.3.

4.1. Data Curation Process
To construct a new benchmark for precisely and com-
prehensively evaluating multi-step reasoning capability of
MLLMs with diverse and challenging open-ended ques-
tions, we collect and reformulate questions from existing
benchmarks and web, and annotate the questions with ref-
erence solutions. The details are as follows:
Existing Benchmark Collection. Existing multimodal
benchmarks include a vast collection of multiple-choice
questions spanning various domains. However, directly
converting multiple-choice questions from existing bench-
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marks into open-ended formats could lead to inaccuracies
in evaluation, particularly due to multiple valid answers and
variations in wording. To address this issue, we select sev-
eral challenging benchmarks (i.e., MMMU [53], MMMU-
Pro [54], MMStar [3], M3CoT [5], MathVerse [58] and
MathVision [37]) and identify questions with unique an-
swers (e.g., numerical calculations, chromosomal compo-
sitions, and chemical compounds), while discarding ques-
tions like “Which of the following statements is correct?”.
We then reformulate them into an open-ended format.
New Data Collection. To further systematically collect
new diverse and challenging open-ended questions, we first
review mainstream subjects across different grade levels,
prioritizing those that require multi-step reasoning and ex-
tensive vision-text interaction. Based on this, we identify
six disciplines, i.e., Math, Business, Science, Engineer-
ing, Social Sciences, and Health. We then source both
foundational and competition-level questions for each dis-
cipline from the Internet, spanning pre-university to univer-
sity levels. For foundational problems, we prioritize diver-
sity, knowledge coverage, and critical thinking, while for
competition-level questions, we focus on the necessity of
visual information given their inherent difficulty. More-
over, we intentionally gather a wide range of open-ended
questions types (e.g., when, what, how) to enhance ques-
tion diversity and assess MLLMs’ reasoning ability across
different question formats. Finally, since most collected
questions are in multiple-choice format and language-only,
we extract multimodal questions and manually reformulate
them into an open-ended format, ensuring each question has
a unique answer.
Intermediate Steps Annotation To reliably evaluate in-
termediate reasoning steps generated by MLLMs, we in-
troduce a reference-based ternary scoring mechanism with
detailed strategies outlined in Section 4.3. To implement
the reference mechanism, we annotate questions with multi-
step solutions. Specifically, we carefully select a subset of
questions from our newly collected data across different dis-
ciplines and manually annotate the intermediate steps with
GPT assistance to ensure accuracy at each step.

In total, we collect 4300 instances from existing bench-
marks, which, combined with the 756 newly collected in-
stances, results in a total of 5056 instances.

4.2. Robustness Enhancement via Voting

To further mitigate memorization issues and enhance the vi-
sual relevance, we employ a multi-model voting mechanism
with K powerful MLLMs to filter out potentially memo-
rized or visually weakly relevant instances from our col-
lected multimodal questions Q, as detailed in algorithm 1.
Specifically, we leverage a group of powerful MLLMs, de-
noted as {π1, π2, ..., πK}, which perform filtering through
voting iteratively for T rounds. During evaluation, we only

Algorithm 1: Multi-modal Voting filtering
Input: a group of MLLMs {π1, π2, ..., πK}; A set

of multimodal questions Q = {T, V }
containing M questions.

1 for i = 1 to T do
2 for k = 1 to K do
3 Input only text T during evaluation:
4 Evaluation(πk, QT = {T})

5 Traverse the question set Q:
6 for j = 1 to M do
7 If question qj is answered correctly more

than 0 times , remove it:
8 if Count(qj) > 0 then
9 Remove qj from Q

Output: Filtered Data Q

input the open-ended textual questions while excluding the
image to test whether the MLLMs can answer correctly
without visual input. If the model can still answer correctly
without any shortcuts or visual cues, we consider the in-
stance potentially memorized or visually weakly relevant.
After each round of evaluation by all MLLMs, we remove
any correctly answered questions and proceed with the up-
dated question set Q′ for the next round of filtering. After
T iterations, we obtain 3275 robust and vision-related mul-
timodal questions, forming MMReason.

Finally, MMReason is divided into two subsets: test-
mini and test. The testmini subset contains 1,000 exam-
ples and is designed to enable more efficient model develop-
ment and validation, as long-chain reasoning is more time-
consuming. The test set comprises the remaining 2,275 ex-
amples and is used for standard evaluation.

4.3. Evaluation Strategy

Intermediate step reasoning ability evaluation. A
straightforward approach to evaluate intermediate steps is
to utilize a highly capable MLLM (e.g., GPT-4o) to ex-
tract key steps from reasoning responses and directly as-
sign binary scores to them. However, directly using pow-
erful MLLMs to score these segmented steps is unreliable,
particularly for questions beyond model’s own knowledge.
To address this, we adopt a reference-based ternary scoring
mechanism (i.e., correct, unverifiable, and incorrect), corre-
sponding to scores of 0, 0.5, and 1, respectively, to ensure
a more reliable assessment of intermediate reasoning steps.
Here, ’Unverifiable’ refers to steps where MLLMs are still
unable to make an accurate judgment despite having access
to the reference solutions. Specifically, we use GPT-4o to
break down intermediate reasoning responses into N steps,
denoted as [s1, s2, ..., sN ]. Next, we provide GPT-4o with
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Models Size
Overall Discipline-wise final reasoning accuracy

Final Intermediate Math Business Science Engineering Social Health

Closed-Source Models

Gemini-2.5-pro-preview-03-25 [6] - 45.1 79.2 51.0 59.1 36.8 33.3 45.7 63.8
Claude-sonnet-4-0514-thinking [32] - 33.2 61.7 42.1 47.0 21.1 20.7 37.1 53.2
GPT-4.1 [27] - 27.5 60.9 22.9 47.7 22.6 18.2 34.3 55.3
GPT-4o-1120 [17] - 21.1 53.9 14.0 45.5 16.5 10.6 31.4 51.1

Open-Source Models

Deepseek-VL2 [43] 4.1B† 11.5 47.1 7.2 22.7 8.4 4.5 28.6 27.6
LLaVA-OneVision [20] 7B 11.0 33.4 10.9 19.7 5.3 4.0 22.8 29.8
Mulberry [46] 7B 11.8 47.1 9.6 21.9 8.0 6.1 21.4 27.7
Qwen-2.5-VL [38] 7B 17.3 39.6 15.4 29.5 11.9 10.6 25.7 40.4
R1-VL [57] 7B 17.9 49.5 19.2 28.9 11.4 8.6 30.1 34.7
MiniCPM-V-2.6 [49] 8B 9.6 26.6 8.2 15.1 6.1 4.0 24.3 23.4
InternVL-2.5-MPO [38] 8B 13.5 35.3 13.0 21.9 9.2 6.5 28.6 23.4
LLaMA-3.2-Vision [8] 11B 9.7 31.4 5.1 17.4 8.0 3.5 24.3 29.8
InternVL-2.5-MPO [38] 78B 23.1 50.2 25.7 40.9 17.2 13.1 25.7 48.9
Qwen-2.5-VL [2] 72B 23.4 47.7 23.3 48.5 16.9 8.6 28.6 44.7

Table 3. Main Results on testmini. We provide final-answer reasoning accuracy and intermediate-step reasoning scores for 14 mainstream
MLLMs, as well as final answer reasoning accuracy across different disciplines. † denotes activated parameters of MoE model.

referenced multi-step solutions and evaluate each step using
a ternary score. After scoring, we compute the final score
by summing and averaging the scores across all steps:

Sinter =
1

N

N∑
n

Score(sn) (1)

Final answer reasoning ability evaluation. To assess fi-
nal answer reasoning ability of MLLMs, we depart from
the common approach of using a prompt like “Answer the
question using a single word or phrase.” which forces
MLLMs to output only the final result. Instead, we en-
courage MLLMs to generate multi-step responses leading
to the final answer, allowing us to evaluate their reason-
ing capabilities rather than memorizing. Since MMReason
involves long-chain reasoning and unrestricted answer for-
mats for each question, it is challenging to determine cor-
rectness through predefined rules. Therefore, following pre-
vious methods [25, 53, 58], we prompt GPT-4o to extract
the final answer from response and then assess its correct-
ness, obtaining the final answer reasoning accuracy Sfinal.

5. Experiments

5.1. Experiment Setup
Filtering Setting We implement K = 4 well-known
MLLMs for multi-model voting filtering to mitigate mem-
orization issues and enhance visual relevance. These
models include GPT-4o [17], LLaMA3.2-Vision-11B [8],
InternVL2.5-8B-MPO [38], and Qwen2.5-VL-7B [2].
These MLLMs are widely studied by both industry and
academic, including in data distillation and post-training.

Models
Reformulated from Newly collect

(Ours)M3CoT MMStar MMMU Pro MMMU

DeepSeek-vl2 [43] 16.9 22.7 11.6 12.4 8.3
InternVL2.5-78B-MPO [38] 29.1 28.6 20.1 18.6 14.2
Qwen2.5-VL-72B [2] 32.3 30.3 21.1 21.6 18.5
GPT-4o-1120 [17] 28.9 32.7 24.9 24.5 21.8

Table 4. Final answer reasoning accuracy over different data
sources. We analyze the accuracy of different question sources
in MMReason. Our newly collected data has the lowest accuracy,
highlighting its difficulty for MLLMs.

Models Text-only Text & Visual Multimodal Relevance Rate↑
Before filtering
LLaMA-3.2-11B 6.51 15.0 56.6
InternVL2.5-8B-MPO 7.23 17.9 59.6
Qwen2.5-VL-7B 9.36 23.8 60.7
GPT4o 13.4 30.8 56.5

After filtering
LLaMA-3.2-Vision-11B 0.65 11.7 94.5
InternVL2.5-8B-MPO 0.69 12.4 94.5
Qwen2.5-VL-7B 0.73 18.3 96.1
GPT4o 0.78 25.7 97.0

Table 5. Comparison before and after multi-model voting fil-
tering. ’Text’ and ’Visual’ indicate whether textual questions and
visual information are provided, respectively.

Therefore, leveraging them for filtering in T = 2 rounds
enhance the robustness for our benchmark.
Evaluation Setting. We benchmark the reasoning capa-
bilities of 14 leading MLLMs on MMReason, including
4 closed-source and 10 open-source models. For closed-
source MLLMs, we benchmark Gemini-2.5-pro-preview-
03-25 [6], GPT-4o-1120 [17], Claude-sonnet-4-0514-
thinking [32] and GPT-4.1 [27]. For open-source mod-
els, we evaluate Deepseek-VL2 [35], LLaVA-OneVision-
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The following information in the image was taken from 
the loan account statement received for the year 
ending 28 February 2020.
What was the balance of the loan account on 1 March 
2019?
Think step by step before answering.
At the end, present your conclusion in the following 
format: Final Answer: xxx

(I) Long-Chain Reasoning Model Response
To calculate the balance of the loan account on **1 March 2019**, we need 
to account for the **fixed monthly payments** and the **capitalized 
interest for the year**. Here's how to compute it step by step:
…
Step 3: Compute the opening balance.
Using the formula above:
 Opening Balance on 1 March 2019} = Closing Balance on 28 February 
2020 + Loan Repayment Portion - Capitalized Interest
Substitute the known values:
 Opening Balance on 1 March 2019} = R482,000 + R58,500 - R56,700
 Opening Balance on 1 March 2019} = R483,800
Final Answer:
The balance of the loan account on **1 March 2019** was **R483,800**.

(II) Intermediate Step Evaluation

Step 1: Identify Known Information
• Fixed monthly payment: 
Step 2: Establish the Formula
Opening Balance on 1 March 2019 = Closing Balance 
on 28 February 2020 + Loan Repayments during 
the year - Capitalized Interest for the year

Step 3: Calculate Total Annual Payments
Total Payments = R9,600 × 12 = R115,200
Step 4: Determine the Loan Repayment Portion
Loan Repayment Portion = Total Payments - 
Capitalized Interest
Loan Repayment Portion = R115,200 - R56,700 = 
R58,500
Step 5: Compute the Opening Balance
Opening Balance on 1 March 2019 = Closing Balance 
on 28 February 2020 + Loan Repayment Portion - 
Capitalized Interest
Opening Balance on 1 March 2019 = R482,000 + 
R58,500 - R56,700
Opening Balance on 1 March 2019 = R483,800

(IV) Scoring

Intermediate Steps Extraction Final Answer Extraction

Step 1: Identify Known 
Information
Step2: Establish the Formula…

(b) Final Answer Evaluation

Judge if R483,800 
and R5,400 are 

equivalent. Answer 
Yes or No.

A: No

(c) Final & Intermediated Scoring

Step 1: Clearly understand the 
information given
From the question and provided 
data, we have:
• Balance on 28 February 

2020: R482,000
…
Step 4: Solve for the opening 
balance
Rearrange the equation to 
isolate the Opening Balance:
𝑂𝑝𝑒𝑛𝑖𝑛𝑔	𝐵𝑎𝑙𝑎𝑛𝑐𝑒
= 482,000 + 115,200 − 56,700

Compute this:
𝑂𝑝𝑒𝑛𝑖𝑛𝑔	𝐵𝑎𝑙𝑎𝑛𝑐𝑒 = 𝑅540,500	

Final Answer:
The balance of the loan account 
on 1 March 2019 was R540,500.

(II) Response Extraction

LLM
-As-A 
Judge

Final Answer Score = 0

Intermediate Steps Score
=∑i

NScore si /N
=(1+1+1+0.5+0)/5 = 0.7

(III) Evaluation

LLM

User

1 point 0.5 point 0 point

Yes: 1 point No: 0 point

MLLM

(a) Reference-based Ternary Intermediated Steps Evaluation

Multi Modal Input

Extracted Response

Reference

Figure 3. Qualitative analysis.

7B [20], Mulberry-7B [46], R1-VL-7B [57], Mini-
CPM-V-2.6-8B [49], LLaMA-3.2-V-11B [8], InterVL-2.5-
MPO-8B&78B [38], Qwen2.5-VL-7B&72B[2]. We use
VLMEvalKit [7] to evaluate these models on MMReason.

5.2. Experimental Results
5.2.1. Main Results
In this section, we comprehensively compare the reasoning
capabilities of various MLLMs in both intermediate steps
and final answers on MMReason. Table 3 presents their
overall final-answer reasoning accuracy and intermediate-
step reasoning accuracy, with final-answer reasoning accu-
racy across different disciplines listed in right.
Final answer reasoning accuracy. MMReason benchmark
presents a significant challenge to current MLLMs, requir-
ing them to derive correct answers through multi-step rea-
soning without shortcuts (i.e., answer choices). Table 3
shows that even the highest accuracy, obtained by Gemini-
2.5-pro [6], reaches only 45.1% on MMReason testmini
set. Notably, Qwen-2.5-VL-72B [2] significantly outper-
forms other open-source models, achieving an accuracy of
23.4%, which is comparable to proprietary models, i.e.,
21.1% on GPT-4o [17], 27.5% on GPT-4.1 [27]. Among
smaller reasoning models, the o1-style Mulberry-7B [46]
achieves 11.8% accuracy, while the MoE-based DeepSeek-
VL2 reaches 11.5%. The accuracy of final answer reasoning
reflects the challenging nature of our benchmark.

Intermediate steps reasoning scores. We design a
reference-based ternary scoring mechanism to evaluate the
intermediate steps generated by MLLMs, with the results
shown in Table 3. Among them, Gemini-2.5-pro [6]
achieves the highest score in intermediate step reasoning
evaluation, with a score of 79.2%. Compared to accuracy of
the final answer reasoning, closed-source models perform
relatively better in intermediate step reasoning, showing a
larger gap from open-source models. This demonstrates
their stronger capability in long-chain reasoning.
Discipline-wise final reasoning accuracy. We investigate
the accuracy of final answer reasoning across different dis-
ciplines. The results show that Gemini-2.5-pro Pro ex-
hibits the strongest mathematical reasoning ability, achiev-
ing 51.0%. Moreover, engineering-related questions are
generally more challenging. For example, LLaMA3.2-
Vision achieves only 3.5% accuracy on these questions,
as they require extensive domain knowledge and are most
likely derived from university-level. The diversity of ques-
tions in MMReason enables us to evaluate the reasoning
abilities of different models across various disciplines.

5.3. Analysis
Final answer reasoning accuracy from different sources.
In Table 4, we provide accuracy across different data
sources, including questions collected and reformulated
from existing benchmarks, as well as newly collected
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Reasoning error
Lack of Knowledge

Perceptual Error

Answer Extraction Error

Question Misunderstanding
Reject toAnwer

Reasoning 
Error
44%

Perceptual 
Error
34%

Lack of 
Knowledge

12%

Question 
Misunderstanding

10%

Answer 
Extraction Error

2%
Reject to Answer

2%

Figure 4. Error distribution over 50 incorrect responses from GPT-
4o, with reasoning and perception errors being the most prevalent.

ones. The results are evaluated on three powerful reasoning
models (i.e., LLaMA-3.2-vision-11B [8], InternVL2.5-8B-
MPO [38], Qwen2.5-VL-7B [2], and GPT-4o [17]), show-
ing that our newly collected diverse data is the most chal-
lenging. This is attributed to our data collection strategy,
which incorporates varying difficulty levels and educational
stages across multiple disciplines.
Memorization. In Table 5, we present the accuracy be-
fore and after filtering, with and without visual input. We
also use the multi-modal relevance rate to analyze the ex-
tent of memorization in different models. Specifically, we
first evaluate the initially open-ended questions under two
conditions: text-only input and combined text-visual input.
The results in Table 5 indicate that before filtering, the col-
lected dataset exhibits significant memorization effects or
visual irrelevance, i.e., many of these questions can be an-
swered correctly without requiring images. For example,
GPT-4o achieves an accuracy of 13.4% with text-only in-
put. Therefore, we remove these memorized data to en-
hance the robustness of our benchmark. After T rounds of
iterative filtering, we conduct another evaluation to ensure a
higher multimodal relevance rate in MMReason. These re-
sults indicate that the retained questions in MMReason are
largely free from memorization and require visual input to
be solved, ensuring that our benchmark precisely evaluates
the long-chain reasoning capabilities of MLLMs.

5.3.1. Qualitative analysis
Reasoning Analysis. Figure 3 represents the overall eval-
uation process of MMReason’s Qualitative Results, includ-
ing both final answer reasoning evaluation and intermediate
step evaluation. For the final answer evaluation, we remove
the shortcut (i.e., the options), preventing the model from
guessing the answer and forcing it to derive the final an-
swer step by step through reasoning. The results in the fig-
ure indicate that the model misunderstands “Capitalized in-
terests”, leading to incorrect reasoning. This demonstrates
that MMReason can precisely evaluate the model’s reason-
ing ability. For intermediate step evaluation, the presence of
references allows for more accurate assessment of the inter-
mediate reasoning steps. Additionally, the use of a ternary
scoring system provides a more reliable intermediate score

Question
Two boys are standing in front of a 
plane mirror as shown in the given 
figure. If boy Y walks 5 m towards boy X, 
then how far away would boy Y appear 
to be in the mirror to boy X?

GPT-4o
To solve this problem, we need to consider the concept of image formation in a 
plane mirror. The image of an object in a plane mirror appears to be the same 
distance behind the mirror as the object is in front of it.

Step 1: Initial positions of the boys
- Boy ( 𝑋 ) is 2 m in front of the mirror.
- Boy ( 𝑌 ) is 12 m in front of the mirror.
The image of boy ( 𝑌 ) will appear 12 m behind the mirror, and the image of boy 
( 𝑋 ) will appear 2 m behind the mirror.

Step 2: Boy ( 𝑌 ) walks 5 m towards boy ( 𝑋 ) 
If boy ( 𝑌 ) walks 5 m towards boy ( 𝑋 ) , his new position will be:

12 m −  5 m =  7 𝑚 𝑖𝑛 𝑓𝑟𝑜𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑖𝑟𝑟𝑜𝑟 .
The image of boy ( 𝑌 ) will now appear 7 m behind the mirror.

Step 3: Distance between boy ( 𝑋 ) and the image of boy ( 𝑌 ) 
The distance between boy ( 𝑋 ) (who is 2 m in front of the mirror) and the image 
of boy ( 𝑌 ) (7 m behind the mirror) is:

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 =  2 𝑚 +  7 𝑚 =  9𝑚

Final Answer: 
Thus, boy ( 𝑌 ) would appear to be 9 m away in the mirror to boy ( 𝑋 ) 

Wrong example – index 496

[Perceptual Error] - Boy (𝑌) 
should be 12+2 m in front 
of the mirror.

Figure 5. Qualitative results of incorrect reasoning.

for steps that the scoring model cannot confidently judge.
Error Analysis. In this section, we analyze the errors made
by powerful MLLM GPT-4o in its multi-step reasoning re-
sponses. We hope this study will provide valuable insights
to enhance the reasoning performance of MLLMs in the
future. Specifically, we randomly select 50 cases of final
reasoning errors and analyzed their causes. We identified
six potential factors contributing to these errors, i.e., Lack
of Knowledge, Reject to Answer, Answer Extraction Error,
Question Misunderstanding, Reasoning Error, and Percep-
tual Error, The error distribution is shown in Figure 4, with
additional examples provided in the Appendix.

6. Conclusion

In this paper, we introduce MMReason, a new benchmark
aiming to precisely and comprehensively evaluate long-
chain reasoning capability of MLLMs with diverse and
challenging open-ended questions that require multi-step-
reasoning and span various education grades and difficulty
levels. We evaluate the reasoning performance of multi-
ple mainstream MLLMs on MMReason. Notably, Gemini-
2.5-pro achieves the highest performance, yet its accuracy
remains only 45.1%. Besides, our analysis of GPT-4o’s in-
correct responses reveal that perception and reasoning error
constitute a significant portion. These findings suggest that
MLLMs still have considerable potential for improvement
in reasoning. We hope MMReason offers valuable insights
to advance the reasoning capabilities of MLLMs.
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tional Research Foundation, Singapore, under its NRF Pro-
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