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Abstract
Large Vision-Language Models (LVLMs) have recently
demonstrated amazing success in multi-modal tasks, includ-
ing advancements in Multi-modal Chain-of-Thought (MCoT)
reasoning. Despite these successes, current benchmarks still
follow a traditional paradigm with multi-modal input and
text-modal output, which leads to significant drawbacks such
as missing visual operations and vague expressions. Moti-
vated by this, we introduce a novel Chain of Multi-modal
Thought (CoMT) benchmark to address these limitations. Dif-
ferent from the traditional MCoT benchmark, CoMT requires
both multi-modal input and multi-modal reasoning output,
aiming to mimic human-like reasoning that inherently inte-
grates visual operations. Specifically, CoMT consists of four
categories: (1) Visual Creation, (2) Visual Deletion, (3) Visual
Update, and (4) Visual Selection to comprehensively explore
complex visual operations and concise expression in real sce-
narios. We evaluate various LVLMs and strategies on CoMT,
revealing some key insights into the capabilities and limita-
tions of the current approaches. We hope that CoMT can in-
spire more breakthroughs on introducing multi-modal gener-
ation into the reasoning process.

Code — https://github.com/czhhzc/CoMT
Extended version — https://arxiv.org/abs/2412.12932

1 Introduction
Recently, large vision-language models (LVLMs) have
achieved remarkable success across various multi-modal
tasks (Liu et al. 2024b; Zhu et al. 2023; Qin et al. 2024b;
Zhang et al. 2024b; Fei et al. 2024b). In addition, LVLMs
have also emerged with amazing capabilities, especially
the capability of chain-of-thought (CoT) reasoning, which
can perform step-by-step reasoning (Lu et al. 2022; Chen
et al. 2024b; Xu et al. 2024; Fei et al. 2023). Specifically,
Zhang et al. (2023) first formally introduce the concept of
Multimodal-CoT (MCoT) and extend it into a rationalizing-
answering stages paradigm. Wang et al. (2024a) propose T-
SciQ to distill the advanced large language models (LLMs)

*These authors contributed equally.
†Corresponding Author.
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Figure 1: Comparison between (a) traditional multi-modal
CoT and (b) chain of multi-modal thought, where images in
rationales are needed to be generated from LVLMs to assist
textual reasoning in rationale.

to smaller models for better MCoT reasoning. Building on
this foundation, Zheng et al. (2024) propose DDCoT, utiliz-
ing advanced LLMs to split questions into a series of sub-
questions and then answer them by LVLMs. Mondal et al.
(2024) further inject the knowledge graph information into
the MCoT reasoning process, reducing the hallucinations of
LLMs. He et al. (2024) devise a novel latent space learning
approach to acquire image features through diffusion pro-
cesses, achieving more complex CoT reasoning capabilities.

While remarkable success has been witnessed in MCoT,
current MCoT benchmarks still follow a traditional
paradigm that reads multi-modal input but can only produce
single-modal reasoning output. Such a paradigm lacks inte-
grated multi-modal reasoning output, leading to the follow-
ing issues:
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Benchmark #Question #Image #VO MMCoT MT Avg. MT Step Rationale
VCR (Zellers et al. 2019) 290k 99,904 ✘ ˜4% ✘ ✘ ✔
A-OKVQA (Schwenk et al. 2022) 24,903 23,692 ✘ ˜21% ✘ ✘ ✔
KI-VQA (Li et al. 2023b) 4,290 4,189 ✘ ˜17% ✘ ✘ ✔
ScienceQA (Lu et al. 2022) 21,208 10,332 ✘ ˜8% ✘ ✘ ✔
MMMU (Yue et al. 2023) 11,550 11,264 ✘ ˜8% ✘ ✘ <18%
M3CoT (Chen et al. 2024b) 11,459 11,293 ✘ 100% ✘ ✘ ✔

CoMT (ours) 3853 14,801 4 100% ✔ 3.11 ✔

Table 1: Comparison of CoMT and multi-modal related datasets.1#X: the size of X; VO: supported visual operations; MMCoT:
the ratio of samples with multi-step MCoT (MMCoT) in the datasets; MT: Multi-modal Thought. Avg. MT Step: The average
step of Multi-modal Thought. Our benchmark has the following two advantages: (1) abundant rationale containing multi-modal
thought, (2) more comprehensive and fine-grained visual operation.

(1) Missing Visual Operations. Effective multi-modal rea-
soning often requires visual operations. However, tradi-
tional MCoT paradigms produce only textual reasoning
outputs, which greatly hinders the multi-modal reason-
ing. As shown in Figure 1 (a), traditional methods can
express operations in language, such as “label the an-
gles”, but they fail to execute visual operations, omitting
the actual image-processing procedure.

(2) Vague Expressions. The adage “a picture is worth a
thousand words” highlights the limitations of text in con-
veying visual reasoning conditions. As shown in Fig-
ure 1 (a), phrases like “∠1=40◦” are imprecise in the ab-
sence of actual annotations, failing to accurately reflect
the mapping relationship between angles and measures,
thus leading to ambiguity and loss of visual information.

Actually, when humans perform reasoning, they naturally
integrate images into the process: using visual thought for
concrete, detailed reasoning while using textual thought for
abstract, logical reasoning (Lehmann et al. 2010; Lin et al.
2024; Wu et al. 2024b). Take Figure 1 (b) as an example,
LVLMs can accurately locate the specific angle by generat-
ing an annotated image. By labeling the angles and drawing
auxiliary lines, LVLMs can perform clearer expressions and
better multi-modal reasoning. Inspired by this, in this paper,
we aim to explore a new MCoT paradigm that requires gen-
erating multi-modal reasoning outputs.

To fill this gap, we introduce a novel Chain of Multi-
modal Thought benchmark (CoMT). Unlike the traditional
MCoT benchmarks, CoMT requires both multi-modal in-
put and multi-modal reasoning output, aiming to enhance
LVLMs’ performance in concise expression and complex vi-
sual operations in real-world scenarios. Specifically, CoMT
contains four categories to comprehensively assess the abil-
ity of LVLMs to use multi-modal thought processes: (1) Vi-
sual Creation assesses the ability to generate images from
scratch, thereby visualizing abstract problems; (2) Visual
Deletion evaluates the removal of irrelevant information
from given images; (3) Visual Update examines the inte-
gration of updated images while retaining prior information;
(4) Visual Selection tests the selection of specific visual fea-

1The background of traditional MCoT and our CoMT can be
found in our Technical Appendix A.

tures for improved image comparison. The detailed compar-
isons and analyses are shown in Table 1.

We evaluate abundant representative LVLMs and prompt-
ing strategies on CoMT in extensive scenarios, yielding sev-
eral key takeaways: (1) CoMT presents a significant chal-
lenge; nearly all zero-shot methods perform only marginally
better than random, which demonstrates huge gaps com-
pared with human performance. (2) In-context learning
(ICL) has better hope on triggering LVLMs for better multi-
modal thought in CoMT. (3) Future advancements in CoMT
should focus on integrating multi-modal generation, logical
reasoning and visual operations into MCoT more effectively.

Our main contributions are as follows:
• To our knowledge, this is the first work to establish a

benchmark for chain of multi-modal thought (CoMT) in
LVLMs, which encompasses four fundamental opera-
tions for comprehensive evaluation.

• We evaluate various representative LVLMs and prompt-
ing strategies, revealing a huge performance gap be-
tween LVLMs and humans. Except for Gemini, nearly
all LVLMs perform at random chance levels.

• We explore in-context learning to enhance performance
and highlight some future directions for integrating
multi-modality into MCoT reasoning, hoping to provide
insights for further research.

2 Benchmark Construction
We introduce CoMT2, which aims to assess the ability of
multi-modal thought, consisting of four types: Visual Cre-
ation (§2.1), Visual Deletion (§2.2), Visual Update (§2.3),
and Visual Selection (§2.4). Specially, we design a specified
question-answering template, which involves question, op-
tions, image, rationale, and answer, to standardize the for-
mat for all tasks within CoMT. More annotation details are
shown in Technical Appendix C.

2.1 Visual Creation
An image is worth a thousand words. As shown in Figure 2
(a), visual creation tasks emphasize generating images from
textual descriptions to improve multi-modal reasoning.

2The quality assurance of CoMT can be found in Technical Ap-
pendix B.
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Question: In △ABC, line BD is perpendicular AD,
AD=DC,∠A = 20°. The size of∠CBD is?
Options: (A) 20°; (B) 30°; (C) 60°; (D) 70°

Step 2: Therefore, because line BD is …
Step N+1: Consequently,∠CBD = 90° -∠A = 70°.
Answer: (D) 70°

(a) Visual Creation

Answer:
Step 1: Line BD is perpendicular AD …
…
Step N: Consequently,∠CBD = 90° -∠A
= 70°. Therefore, the answer is D.

Original Sample

Template-based Modification

Rationale:
Step 1: According to the given instructions, the
image is depicted as follows:

Modified Sample
Human Recheck & 

Visual Creation Assurance

Question: In △ABC, line BD is perpendicular
and bisects AC,∠A = 20°. The size of∠CBD is?
Options: (A) 20°; (B) 30°; (C) 60°; (D) 70°

Answer: (D) 70°

Rationale:
Step 1: According to the given instructions…
Step N+1: Consequently, ∠CBD = 90° - ∠A =
70°.

Final Sample

Question: In △ABC, line BD is
perpendicular AD …

(b) Visual Deletion

Question: How many
people are visible in the
image?
Options:
(A) 14 
(B) 24
…

Rationale:
Step 1: … eliminate the faces
on the left side of the image.

It reveals 5 individuals … Answer: (B) 24
… Step N: The count is 24.
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for faces to the right …

It reveals other 5 individuals

(c) Visual Update

Question: What does the
tangram in image show a
closer likeness to?
Options:
(A) Dog
(B) Windmill 
(C) …

Rationale:
Step 1: … analyze the part …
that contains any given color.

… a resemblance to blades. Answer: (B) Windmill
… Step N: … is Windmill.
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Step 2: … towards the areas
of the image that exhibit…
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(d) Visual Selection

Question: What is the
count of differences
between the images?
Options: (A) 12; (B) 15 …

Rationale:
Step 1: First, we can get
several different parts …

We can identify 3 differences. Answer: (A) 12Te
m
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e-
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d 
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n

Step 2: After that, we can get 
other different parts within…
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Difference 
Annotation

We can identify other 3
differences…

Options: (A) 20°; (B) 30°; (C) 60°; (D) 70°

1
2

3
5

6

7

74

whole: Windmill

1,2,3,5,6,7
blades

4:buildings

Figure 2: The overall annotation process for four tasks of CoMT, which consists of (a)visual creation, (b)visual deletion,
(c)visual update, and (d)visual selection.

• Original Dataset: We develop visual creation tasks based
on the GeoQA+ dataset (Cao and Xiao 2022), which in-
cludes geometric images and textual questions as input,
with textual rationales as output.

• Template-based Modification: We first follow the tem-
plate to modify the visual creation data. Specifically,
we maintain the original question and option part from
GeoQA+ and split the whole response into rationale and
the final answer. Furthermore, we reposition the image
from question to the output rationale as visual thought,
with step information supplemented.

• Human Recheck: To ensure the accurate reproduction of
images, we manually augment the geometric description
within the question by aligning with the image details.

2.2 Visual Deletion
In logical reasoning, it is crucial to eliminate redundant in-
formation and clarify the logical chain. By progressively re-
moving visual features, LVLMs experience reduced confu-
sion, enabling step-by-step reasoning for the final answer, as
illustrated in Figure 2 (b).
• Original Dataset: We utilize the crowd-counting task

from the JHU-CROWD++ dataset (Sindagi, Yasarla, and
Patel 2020), which includes images with numerous faces
and corresponding boxing.

• Step-by-Step Boxing: The most crucial aspect of crowd-
counting is identifying human individuals where faces
serve as a significant visual feature. To demonstrate the
marking and removal of redundant visual features, we
batch-mask faces based on the boxing provided, prepar-
ing for the next operation.

• Template-based Modification: We construct the com-
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Figure 3: Distribution of CoMT tasks across four types of image processing.

plete sample by following the CoMT template, involving
inquiries about the people count in the image (question)
and clarifications of the identified count (rationale), etc.
The prepared images serve as the visual thought within
the rationale.

2.3 Visual Update
Marking can help sort out the logic. LVLMs often make mis-
takes in reasoning due to forgetting visual features, while
humans mitigate this by annotating images. Inspired by this,
as illustrated in Figure 2 (c), we propose the Visual Update
task to annotate the images step-by-step.
• Original Dataset: We leverage the KILOGRAM (Ji et al.

2022) dataset to implement tangram recognition, includ-
ing the tangram image and labels of both individual
pieces and the whole shape.

• Tangram Annotation: For accurate assessments, we en-
hance the original tangram by applying different colors
to each label category which consists of multiple indi-
vidual pieces. After coloring, we explicitly annotate each
category with label texts.

• Template-based Modification: Finally, we follow the
CoMT template to construct the whole sample and com-
bine the enhanced images with the textual rationales to
represent the multi-modal thoughts.

2.4 Visual Selection
Text cannot indicate the location intuitively. Accurately se-
lecting among similar objects using text alone is challenging
due to the inherent difficulty in precise location and differ-
ence descriptions. Following this intuition, we construct the
Visual Selection task, as shown in Figure 2 (d).
• Original Dataset: We construct the task from the spot-

diff3 dataset. This dataset provides pairs of similar im-
ages and corresponding difference annotations, requiring
precise identification of differences between two images.

• Step-by-Step Annotation: According to the annotations,
we extract the distinct areas of image pairs in batches,
keeping the same position and size as the original images.

• Template-based Modification: We then supplement the
textual section within the template and integrate corre-
sponding images to construct a multi-modal rationale.
3https://www.allstarpuzzles.com/spotdiff/index.html

Statistics Number
Total Sample 3,853
Total Image 14,801

Average Question Length 22.66
Average Choice Length 1.33
Average Rationale Length 104.74
Average Multi-modal Thought Step 3.11
Average Rationale Step 7.71

Table 2: Basic statistics of CoMT, including sample num-
bers, steps of rationale, length of rationale, and image num-
ber generated in CoT.

3 Benchmark Analysis
Basic statistics As shown in Table 2, CoMT comprises
3,853 samples and 14,801 images. CoMT encompasses two
primary domains within M3CoT (Chen et al. 2024b) and four
visual operations (illustrated in Figure 3 (a)) for comprehen-
sive evaluation. Additionally, CoMT requires more intricate
reasoning, with an average length of 104.7 words and 7.7
steps per sample, significantly higher than ScienceQA’s 48
words and 2.5 steps.
Multi-modal diversity CoMT includes a diverse array of
multi-modal tasks (visual creation, visual deletion, visual
update and visual selection), ranging from mathematical
problems to commonsense challenges, such as geometry and
recognition. Furthermore, as depicted in Figure 3 (b), CoMT
features a wide range of image types encompassing “Culture
& Art”, and “Abstract Graph”, etc, classified by CLIP (Rad-
ford et al. 2021).
Rationale diversity As illustrated in Figure 3 (c), CoMT ex-
hibits a broad range in the number of reasoning steps. Addi-
tionally, the multi-modal thought steps also show both diver-
sity and sufficient volume. This allows for a comprehensive
evaluation across different steps within CoMT.

4 Experiments
4.1 Experiments Setting
In our experiments, we select a range of LVLMs as back-
bones, including those trained on image generation tasks
as well as those that are not, including Gemini-Pro (Team
et al. 2023), Qwen-VL (Bai et al. 2023), LLaVA-NeXT (Liu
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Model Visual Creation Visual Deletion Visual Update Visual Selection Average

Acc Macro-F1 Acc Macro-F1 Acc Macro-F1 Acc Macro-F1 Acc Macro-F1

Random 27.10 26.75 25.17 25.15 24.06 24.05 25.59 25.55 25.48 25.37

Qwen-VL-7B (Bai et al. 2023)

Direct (Bai et al. 2023) 21.49 12.78 26.35 18.29 37.64 30.34 22.08 13.80 26.89 18.80
CoT (Kojima et al. 2022) 23.96 19.22 12.63 11.81 33.62 26.13 23.22 18.00 23.26 18.79
Desp-CoT (Wu et al. 2023) 19.90 13.23 20.94 7.73 30.59 23.85 26.05 10.48 24.37 13.82
VoT (Wu et al. 2024b) 22.08 17.51 14.43 11.71 28.52 21.02 22.08 12.47 21.78 15.68

LLaVA-NeXT-13B (Liu et al. 2024a)

Direct (Liu et al. 2024a) 26.34 19.72 20.64 20.06 35.47 34.26 22.76 19.60 26.30 23.41
CoT (Kojima et al. 2022) 22.18 12.33 21.44 15.21 26.36 18.99 24.92 19.91 23.73 16.61
Desp-CoT (Wu et al. 2023) 19.90 12.82 23.45 17.47 27.01 18.82 25.59 20.77 23.99 17.47
VoT (Wu et al. 2024b) 20.79 15.58 25.55 18.55 27.55 18.95 26.61 17.23 25.13 17.58

GILL (Koh, Fried, and Salakhutdinov 2023)

Direct (Koh, Fried, and Salakhutdinov 2023) 16.93 15.75 22.65 13.90 23.43 12.62 18.12 10.16 20.28 13.11
CoT (Kojima et al. 2022) 8.61 9.96 12.63 8.62 18.11 8.20 17.21 8.34 14.14 8.78
Desp-CoT (Wu et al. 2023) 6.83 7.93 20.74 9.60 21.69 10.90 20.95 9.12 17.55 9.39
VoT (Wu et al. 2024b) 5.94 7.01 17.94 11.81 21.04 11.51 14.27 9.23 14.80 9.89

NExT-GPT (Wu et al. 2024a)

Direct (Wu et al. 2024a) 24.26 19.00 25.75 19.15 24.30 18.04 22.42 16.24 24.18 18.11
CoT (Kojima et al. 2022) 20.20 13.88 23.85 17.25 22.78 17.95 21.52 18.39 22.09 16.87
Desp-CoT (Wu et al. 2023) 17.52 13.93 23.95 14.13 25.38 17.91 22.99 16.90 22.46 15.72
VoT (Wu et al. 2024b) 13.17 12.91 22.85 14.38 25.05 16.28 22.88 18.32 20.99 15.47

AnyGPT (Zhan et al. 2024)

Direct (Zhan et al. 2024) 19.11 12.18 17.43 11.92 23.10 17.85 27.63 16.91 21.82 14.72
CoT (Kojima et al. 2022) 10.10 10.36 21.74 11.96 24.08 18.37 22.20 15.77 19.53 14.12
Desp-CoT (Wu et al. 2023) 19.31 14.15 22.75 12.22 24.84 18.72 25.59 16.63 23.12 15.43
VoT (Wu et al. 2024b) 11.78 10.22 23.45 11.45 26.36 19.44 25.59 18.43 21.80 14.89

Gemini (Team et al. 2023)

Direct (Team et al. 2023) 28.91 25.43 30.86 22.28 46.36 46.26 27.63 20.69 33.44 28.67
CoT (Kojima et al. 2022) 27.92 23.07 28.76 22.73 40.24 40.02 27.39 23.60 31.08 27.36
Desp-CoT (Wu et al. 2023) 18.04 14.61 29.36 21.43 31.05 23.20 25.14 11.32 25.90 17.64
VoT (Wu et al. 2024b) 33.27 26.48 27.05 20.79 35.36 27.83 24.92 19.38 30.15 23.62

Table 3: Main results on various LVLMs. The bold content indicates the best performance across all models and all prompting
methods, while the underlined content signifies the best performance within a single model across all methods. See Table 4 in
Technical Appendix F for complete results.

et al. 2024a), GILL (Koh, Fried, and Salakhutdinov 2023),
NExT-GPT (Wu et al. 2024a), AnyGPT (Zhan et al. 2024).
Additionally, we explore various prompting strategies: (1)
Direct prompts the model to directly generate the answer.
(2) CoT (Kojima et al. 2022) is a widely used prompt method
to stimulate LLMs to generate steps with “Let’s think step-
by-step!”. (3) Desp-CoT (Wu et al. 2023) enhances reason-
ing quality by instructing the model to generate a description
before answering. (4) VoT (Wu et al. 2024b) utilizes “Vi-
sualize the state after each reasoning step.” to imagine the
reasoning path with text-modal. Following Qin et al. (2023)
and Chen et al. (2024b), we extract the final generated an-
swers using regular expressions. See Technical Appendix D
for further experimental details.

4.2 Main Results
Table 3 presents the main results, from which we derive the
following key findings:
All LVLMs perform poorly on the CoMT. Despite Gemini
achieving a 28.67% F1 score across four tasks, this per-
formance is marginally better than the random baseline by

3.3%, indicating significant room for improvement. Addi-
tionally, except for Gemini, most models perform at or be-
low random levels. We attribute these to the lack of multi-
modal reasoning in current LVLMs.

Traditional Multimodal CoT almost completely fails on
CoMT. We observe that pure text-modal CoT does not attain
improvement in addressing the CoMT problem and even de-
grades the performance of most models to near-random lev-
els. We attribute it to the fact that the inability of the model
to execute specific visual logic expressions and operations
results in poor performance.

All models fail to visualize thought in textual words. As
demonstrated in Table 3, all LVLMs fail to utilize VoT effec-
tively to improve performance. Specifically, VoT prompts
LVLMs to visualize states through textual representation and
results in an average accuracy decrease of 12.28%. This find-
ing suggests that although textual representation can convey
visual features, the inherent differences between modalities
still constrain the expression of multi-modal thought.
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Figure 4: Analysis of the correlation between the model per-
formance and the quality of rationale for different LVLMs
based on ROSCOE (Golovneva et al. 2023).

Figure 5: CLIPScore of LVLMs on 4 tasks within CoMT.
The x-axis represents the CLIPScore, and the y-axis repre-
sents the accuracy.

4.3 Analysis
This section will conduct a further analysis on CoMT. See
Technical Appendix E for more implementation details.
Improving the quality of rationale is essential for CoMT. As
illustrated in Figure 4, the quality of CoT rationale signifi-
cantly impacts the CoMT performance. Poor rationale qual-
ity constrains the logical coherence of LVLMs, limiting their
reasoning capacities, which aligns with Chen et al. (2024b).
Consequently, enhancing reasoning quality in LVLMs is a
crucial area for further exploration.
CoMT benefits from improved multi-modal thought. To as-
sess the impact of multi-modal thought on performance
within CoMT, we calculate the CLIPScore (Hessel et al.
2021) to reflect the similarity between model output and
each image within the ideal rationale pre-defined. Averaging
these scores yields a multi-modal alignment score for each
reasoning chain generated. As shown in Figure 5, there is
a significant positive correlation between performance and
multi-modal alignment scores across four tasks, which indi-
cates that CoMT benefits from more multi-modal thought.
The performance relies more on the quality of multi-modal
alignment than on parameter size. As shown in Table
4 in Technical Appendix F, the IDEFICS2-8B, with fine-
grained multi-modal alignment, surpasses the 13B mod-
els, even approaching the performance of the Gemini-Pro

Figure 6: Analysis on In-context Learning of Gemini-
Pro (Team et al. 2023) in CoMT.

(>100B, Team et al. (2023)). We think that CoMT per-
formance depends more on multi-modal alignment quality
rather than parameter size.

4.4 In-context Learning Explorations
In-context Learning with multi-modal input and output
can effectively promote the performance in CoMT. As
shown in Figure 6, using in-context learning (ICL) (Li et al.
2023a; Qin et al. 2024a) with multi-modal input and multi-
modal output demonstrations significantly improves perfor-
mance. It not only surpasses zero-shot prompting but also
outperforms ICL with text-modal output. This approach can
be successful due to the fact that LVLMs can learn to effec-
tively facilitate multi-modal thought through such demon-
strations, even though Gemini is limited to producing ratio-
nales in the textual modality alone.
Not more demonstrations means better performance in
CoMT. As shown in Figure 6, the model exhibits a signif-
icant downward trend in performance when the number of
demonstrations exceeds four. It shows that more demonstra-
tions are not necessarily better, as multimodal demonstra-
tions often require the consumption of a substantial number
of tokens, which can also lead to more complex challenges
associated with longer contexts.

4.5 Error Analysis
Insufficient Multi-modal Thought. When dealing with
multi-modal problems, models struggle to integrate multi-
modal thought most of the time. As illustrated in Figure 7,
we observe that despite certain models (e.g., GILL, NExT-
GPT, AnyGPT) being trained on image generation tasks, at
least 48% of their reasoning processes do not incorporate
image generation. This occurs even when image generation
is crucial for accurate outcomes, indicating a disjunction be-
tween image generation and text processing.

Inaccurate Textual Reasoning. When logical errors oc-
cur in textual reasoning, they hinder the advancement to-
wards the correct answer. For example, Figure 10 in Techni-
cal Appendix reveals that the model demonstrates poor rea-
soning logic, with significant logical errors, such as calcula-
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Figure 7: Image generation frequency during reasoning.

tion mistakes (like “2*5*5=2*10”). These inaccurate textual
reasoning significantly impedes progress in this field.

Incoherent Visual Reasoning. Although certain models
generate images when reasoning, not all image contents
align with the reasoning path, revealing an immature inter-
action between modalities. We manually evaluate the gen-
erated images, with results shown in Figure 8. The distri-
bution reveals that current LVLMs often generate irrelevant
images during reasoning (an average of 43%, represented by
score 0) and fail to perform effective visual logic (on average
45% of images exhibit logical mistake, represented by score
1,2). The judgment criteria can be found in Technical Ap-
pendix C.3. To be specific, Figure 11 in Technical Appendix
G shows instances with irrelevant text and image logic.

4.6 Future Directions
Based on the above analysis, we summarize the future direc-
tions for current LVLMs tackling CoMT.
How can we effectively integrate multi-modal thought rea-
soning? The absence of visual thought significantly in-
creases the difficulty when addressing certain multi-modal
tasks, such as CoMT. How to enable models to integrate
multi-modal reasoning is an intriguing research topic. Fur-
thermore, given the inherent differences between textual and
visual modalities, exploring how to align these two modali-
ties during reasoning presents another valuable challenge.
How can we enhance logical reasoning capabilities for tex-
tual reasoning? The inadequacies in textual reasoning logic
lead to inaccurate conclusions during inference, such as cal-
culation mistakes. Therefore, how to enable models with
better textual logic to perform effective text reasoning is a
critical topic to explore.
How can we achieve effective vision logic for visual rea-
soning? Since some generated images fail to perform effec-
tive visual logic or even be irrelevant, not all visual thoughts
generated have a positive influence on the reasoning. How
to enable models to develop better visual logic to produce
images that are relevant and consistent with the progression
of rationale is a topic worth exploring.

5 Related Work
The emergence of Multi-modal Chain-of-Thought (MCoT)
techniques elicits the step-by-step zero-shot and few-
shot multi-modal reasoning capabilities of Large Vision-
Language Models (LVLMs) (Wang et al. 2024c,b; Chen

Figure 8: Distribution of human-evaluated image quality
scores (↑) which are mainly determined based on Relevance
and Logical Correctness. See Technical Appendix C.3 for
evaluation details.

et al. 2024a,c; Liu et al. 2023; He et al. 2024; Qin et al.
2024a; Fei et al. 2024a,c). Pioneering work introduces the
ScienceQA benchmark (Lu et al. 2022), involving mul-
timodal scientific questions. Subsequently, Zhang et al.
(2023) formally propose the concept of MCoT and intro-
duce a two-stage framework encompassing both reasoning
and answering. Additionally, Tan et al. (2024); Wang et al.
(2024a); Zhang et al. (2024a); Mondal et al. (2024); Lee
et al. (2024) introduce more knowledge to improve the per-
formance and reduce hallucinations in MCoT reasoning.
Following this, Zheng et al. (2024) propose DDCoT, which
breaks down the question into a series of sub-questions and
solves them using LVLMs. Building upon this, Chen et al.
(2024b) further introduce a multi-domain multi-step multi-
modal benchmark to fully evaluate the complex MCoT capa-
bilities. Based on traditional MCoT, some works begin pre-
liminary exploration integrating the diffusion model or re-
triever model as a tool for better MCoT. Meng et al. (2023)
propose CoI to generate images as intermediate reasoning
steps in single modal tasks, outperforming purely textual
CoT. Wu et al. (2024b) propose VoT, requiring text-only
LLMs to imagine their vision reasoning paths, which in-
creases the spatial reasoning abilities.

In contrast to our work, their strategies rely solely on tex-
tual modalities for reasoning, lacking visual operation or de-
tailed visual expression in reasoning. To fill this gap, we pro-
pose CoMT to comprehensively reveal diverse multi-modal
thought capabilities. We hope CoMT will inspire research on
promoting better multi-modal reasoning.

6 Conclusion
In this work, we introduce a Chain of Multi-modal Thought
(CoMT) benchmark to evaluate and improve the multi-modal
reasoning capabilities of Large Vision-Language Models
(LVLMs). Through extensive experiments, our findings re-
veal a significant performance gap between LVLMs and
human, with models generally not outperforming random
chance in zero-shot scenarios. In-context Learning with
multi-modal rationale emerges as a promising approach to
better integrate visual and textual reasoning in LVLMs. We
hope this research lays the groundwork for future enhance-
ments in multi-modal reasoning technologies.
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