
GlFoMR: A Glance-then-Focus Multimodal Reasoning Framework
for DiagramQuestion Answering

Yaxian Wang
School of Computer Science and

Technology, Xi’an Jiaotong University
Xi’an, China

wyx1566@gmail.com

Bifan WeiB
School of Continuing Education,

Xi’an Jiaotong University
Xi’an, China

weibifan@xjtu.edu.cn

Jun Liu
Lingling Zhang

School of Computer Science and
Technology, Xi’an Jiaotong University

Xi’an, China
liukeen@xjtu.edu.cn

zhanglling@xjtu.edu.cn

Shuting He
Shanghai University of Finance and

Economics
Shanghai, China

shuting.he@sufe.edu.cn

Jun Li
State Key Laboratory of

Communication Content Cognition,
People’s Daily Online

Beijing, China
lijun@people.cn

Qika Lin
National University of Singapore

Singapore
qikalin@foxmail.com

Abstract
Diagram question answering (DQA) is a challenging task that re-
quires models to combine with domain-specific knowledge and
reason over the diagrams to answer questions. Multimodal Large
Language Models (MLLMs) have recently made notable strides in
combining textual and visual information, emerging as a promising
solution for addressing the DQA task. However, they still encounter
challenges in deliberate multimodal reasoning over the fine-grained
visual details of content-rich and knowledge-grounded diagrams.
The tight interweaving of visual and textual reasoning for MLLMs is
also susceptible to hallucinations. To overcome these limitations, we
propose a Glance-then-FocusMultimodal Reasoning framework
named GlFoMR for DQA, which features a flexible architecture for
comprehensive visual and text interaction. Firstly, the diagram is
parsed into a hierarchical structure spanning different granularities
including isolated single-object, object-group, and whole-diagram.
Subsequently, the Glance-Plan and Focus-Reason stages collaborate
to decouple the complex reasoning process. Glance-Plan first gen-
erates a preliminary plan by glancing at the multimodal context,
specifying sub-goals related to knowledge extraction, visual percep-
tion, and visual reasoning. Based on these sub-goals, Focus-Reason
further integrates domain-specific knowledge and visual details
to enable more deliberate reasoning. The parsed multi-granularity
diagram information is seamlessly incorporated into the corre-
sponding sub-goal achievement process, enhancing the perception
and reasoning capabilities of MLLMs for better DQA performance.
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Extensive experimental results on four DQA datasets demonstrate
that GlFoMR achieves substantial improvements, showcasing its
potential to advance the development of multimodal reasoning.
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1 Introduction
Diagram question answering (DQA) [13, 14, 19, 33, 45] requires
models to answer questions based on the given diagrams. Diagrams
usually use abstract visual language like symbols, various color
blocks, and shapes to describe complex concepts and their rela-
tionships, further conveying abundant information and knowledge.
DQA [19–21, 37–39] has recently emerged as a vital tool to evaluate
the multimodal understanding and reasoning capability of AI ma-
chines. When answering a complex diagram question, the machines
are required to perform multi-step reasoning to integrate multi-
modal information. As illustrated in Figure 1, the diagram question
requires models to not only perceive visual objects within the di-
agram and reason over their relations but also retrieve relevant
domain-specific knowledge to derive the answer.

Recent advancements in Multimodal Large Language Models
(MLLMs) [1–3, 5] have demonstrated remarkable capabilities in
combining textual and visual information. Chain-of-thought (CoT)
promoting strategy imitates the step-by-step reasoning process of
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Figure 1: An example of DQA. Single-stage methods entan-
gle all reasoning skills into a long-chain reasoning process,
prone to hallucinations. Our multi-stage framework decou-
ples the multimodal reasoning process into several sub-goals
G1, G2 and G3 about knowledge extraction, visual perception
and visual reasoning. This enables MLLMs to interact with
different-granularity visual information in multi-step rea-
soning for high-quality clues to support the final decision.

humans, significantly enhancing the problem-solving capabilities of
Large Language Models (LLMs) in complex textual reasoning tasks.
It has also been extended to the multimodal scenarios for MLLMs.
MMCoT [10] develops a two-stage framework, which encodes the
visual and text inputs into a joint space to first generate a rationale
as intermediate reasoning steps and then infer the final answer. Sub-
sequent work can be broadly divided into two categories based on
their differing emphasis on textual and visual modalities. One type
of method aims to enhance text comprehension, such as decom-
posing questions into several sub-questions [48], and introducing
knowledge graphs [23]. The other type centers on improving visual
understanding, such as generating composition scene graphs of
images [22] or a multimodal knowledge graph [16], developing
contrastive CoT prompting to compare the similarities and differ-
ences among multiple images [44], producing a multimodal latent
space in a diffusion process [10], and leveraging external image
processing tools for better diagram representation [34].

However, these existing methods still exhibit two primary limi-
tations: (i) They still fall short of enabling MLLMs to fully capture
the multi-granularity visual information in content-rich diagrams
for deliberate multi-step reasoning. Eliciting MLLMs to effectively
leverage visual information for step-by-step reasoning remains a
pivotal challenge in DQA. (ii) They intertwine various skills, includ-
ing visual perception, visual reasoning, and textual reasoningwithin
a single stage to complete the problem-solving process. As a result,
it is prone to introducing hallucinations in a long-chain, multi-step
reasoning process, leading to unsatisfactory performance.

To overcome these limitations, we propose a Glance-then-Focus
MultimodalReasoning framework namedGlFoMR for DQA, draw-
ing inspiration from the human cognition process [27–29]. When
facing a complex question about a diagram, humans typically begin
by browsing the diagram, question, and candidate choices to formu-
late a solution plan based on their experience. Guided by this plan,
they then proceed with deeper, step-by-step reasoning, focusing
more on domain-specific knowledge and specific details of the dia-
gram, particularly the question-related specific visual entities and
their relationships. As illustrated in Figure 1, compared with the
single-stage entangled reasoning methods, GlFoMR as a multi-stage
framework decomposes the reasoning process, endowing MLLMs
the chance to flexibly interact with the different-granularity visual
information in step-by-step reasoning.

Specifically, GlFoMR mainly consists of a Hierarchical Diagram
Parsing module and a Multimodal Interactive Reasoning module.
For Hierarchical Diagram Parsing, the diagram is parsed into a hi-
erarchical structure spanning different granularities including iso-
lated single-object, object-group, and whole-diagram. Multimodal
Interactive Reasoning consists of three stages: (i) Glance-Plan stage.
The MLLM browses the diagram, context, question, and candidate
choices to formulate a solution plan. Tailoring the different question
complexities, each specific diagram-question pair is decomposed
into different sub-goals. Given the nature of DQA, these sub-goals
involve knowledge extraction, visual perception, and visual reason-
ing. Knowledge extraction focuses on acquiring question-related
concepts and domain-specific background knowledge. Visual per-
ception aims to delve deeply into the specific details of question-
related visual entities. High-level object relations are also taken
into consideration for visual reasoning based on the given ques-
tion. A complex question requires achieving all three sub-goals. (ii)
Focus-Reason stage. Based on the solution plan comprised of sev-
eral sub-goals, the parsed multi-granularity diagram information is
seamlessly integrated into the corresponding sub-goal achievement
process, further enhancing MLLMs’ perception and reasoning abil-
ity. (iii) Summarize-Answer stage. It gathers all question-related
context clues to make a final decision. The experimental results on
four DQA benchmarks including SQA-IMG [19], CSDQA [33], AI2D
[13], and TQA-DMC [14], indicate the effectiveness of GlFoMR, with
substantial average performance gains (up to 3.99%).

Our main contributions are summarized as follows:
• We propose a training-free Glance-then-Focus Mutimodal Rea-
soning framework GlFoMR, which features flexible visual-text
interaction and disentangled multimodal reasoning capabilities.
• By decoupling the reasoning processes into distinct Glance-Plan
and Focus-Reasoning stages, theMLLMs are endowedwith chances
to engage in full interactions with detailed visual information.
It enables a holistic understanding of visual content, beginning
with the global diagram and delving into individual objects and
their relationships.
• The sub-goals decomposition facilitates the seamless integration
of multi-granularity diagram information and domain-specific
knowledge in step-wise reasoning, mitigating the hallucinations
in the multi-step reasoning process.
• Extensive experiments on four DQA benchmarks showcase the
significant advantages of our proposed GlFoMR, compared with
its existing counterparts.
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Figure 2: Overview of GlFoMR. (a) Hierarchical Diagram Parsing decomposes the diagram into a hierarchical structure spanning
different granularities for subsequent visual perception and reasoning. (b) Multimodal interactive Reasoning includes three
stages, Glance-Plan, Focus-Reason, and Summarize-Answer to complete the multimodal reasoning process.

2 Related Work
2.1 Multimodal Large Language Model
Recent research has increasingly concentrated on MLLMs [3, 5, 18,
30, 36], inspired by the remarkable progress of LLMs [4, 7, 32, 40].
Several MLLMs have achieved notable advancements in integrating
textual and visual information to improve multimodal understand-
ing. Popular open-source models such as the LLaVA series [18],
InstructionBLIP [36], QwenVL [3], and InternVL [5] have seen
substantial development. Similarly, closed-source models like GPT-
4V [1], GPT-4o [11], Gemini [30], OpenAI o1 [12] and OpenAI
o3 [6] have demonstrated exceptional performance in a range of
multimodal tasks. However, these models still face challenges in
leveraging detailed visual information for step-wise reasoning, par-
ticularly when employing a single-stage approach to tackle complex
problem-solving tasks.

2.2 CoT Reasoning of MLLMs
The success of CoT prompting in textual tasks indicates its potential
for effective extension to multimodal scenarios. MM-CoT [46] is the
first to propose a two-stage framework, which fuses the text and im-
age to first perform rationale generation and then answer inference.
Based on the same framework, a series of works [10, 23, 31, 34]
design strategies to enhance the multimodal understanding. He et
al. [10] introduced a multimodal latent space to fuse visual and text
features deeply via a diffusion process. Monda et al. [23] proposed
to leverage knowledge graphs for better multimodal understanding.
Lee et al. [16] utilized multimodal knowledge graphs to learn rich
semantic knowledge, thereby enhancing the multimodal reasoning
capabilities of LLMs. Wang et al. [31] utilized LLM-generated CoT
for greater amounts of essential external knowledge, which can also
mitigate the time-consuming human annotations. Wang et al. [34]
proposed to introduce image processing tools to enhance image

representation, further promoting rationale generation and answer
inference. These methods rely on fine-tuning learning on ground
truth rationale and answer annotation.

Another line of research utilizes the prompt-based mechanism to
elicit the CoT capability, eliminating the need for time-consuming
fine-tuning. DDCoT [48] uses language-only LLMs to decompose
the original problem into sub-problems, and then utilizes VQAmod-
els to introduce visual information by answering the visual-related
sub-problems. The question-decomposition methods [42, 48] over-
look the visual information during the decomposition process, and
rely solely on the image to answer sub-problems. CCoT [22] ex-
tracts the compositional information of images as scene graphs
to enhance the CoT process. IoT [49] utilizes external image pro-
cessing tools including segmentation, zoom-in, and color-space
conversions to exploit visual information. CoCoT [44] develops a
contrastive chain-of-thought prompting to compare the similar-
ities and differences among multiple images, further promoting
the visual perception ability of MLLMs. Our work follows this
training-free prompt-based paradigm. In contrast, we disentangled
the complex reasoning process into glance-plan and focus-reason
stages to help alleviate hallucination issues aggravated by tightly
entangled thinking and reasoning, while seamlessly introducing
visual details of varying granularity for decomposed sub-goals.

3 Method
3.1 Overview
Our proposed GlFoMR is illustrated in Figure 2. It mainly consists
of two modules including Hierarchical Diagram Parsing and Mul-
timodal Interactive Reasoning. Hierarchical Diagram Parsing
decomposes the diagram into multi-granularity visual information,
encompassing the single-object, object-group, and whole-diagram
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granularity. Multimodal Interactive Reasoning mainly com-
prises of three stages: (1) Glance-Plan, which browses the di-
agram, question, and candidate choices to formulate a solution
plan. Tailored to the question difficulty, this solution plan decom-
poses the question-answering task into different sub-goals about
knowledge extraction, visual perception, or visual reasoning. (2)
Focus-Reason, with the solution plan composed of a chain of rea-
soning guidance about sub-goals, the parsed multi-granularity dia-
gram information is seamlessly integrated into the corresponding
subgoal-achieving process, further enhancing MLLMs’ perception
and reasoning ability. (3) Summarize-Answer summarizes the
collected information from the previous stages to form a smooth
and logical rationale, further supporting the final decision.

3.2 Hierarchical Diagram Parsing
A diagram usually employs visual elements like symbols, various
color blocks, and shapes to describe complex concepts and their
relationships, conveying rich information and knowledge in an
intuitive visual form. To further enhance diagram understanding,
we automatically parse the diagram into a hierarchical structure
spanning different granularities as follows:
• Single-object granularity. We employ visual detection tools
(e.g., SAM [15] or YOLOv3 [8]) to recognize the visual objects in
the diagram, denoted as R𝑜 = {𝑣1, 𝑣2, ...𝑣𝑁 }.
• Object-group granularity. It is the combination of paired ob-
jects by analyzing their relations. According to the visual per-
ception principles, we aggregate the related objects into object
groups. The visual perception principles are as follows: (i) Spatial
Proximity Principle: The visual objects that are spatially proxi-
mate to each other are more likely to be related. For each visual
object, the top-3 related objects are selected to form object groups.
(ii) Connectivity Principle: The visual objects that are visually
connected, such as through lines, arrows, or other linking ele-
ments are perceived as being associated in some way. We model
relationships between objects following these two principles and
then obtain the corresponding object groups. These object groups
are denoted as R𝑔 = {𝑔1, 𝑔2, ..., 𝑔𝑀 }.
• Whole-diagram granularity. It denotes the global diagram 𝐷

provided in each diagram-question pair.
In this way, we construct a candidate visual region list with different
granularities R = {R𝑜 ,R𝑔, 𝐷}. The whole diagram offers a holistic
view of the scene, facilitating a deeper understanding of its overall
context. Meanwhile, the regions representing visual objects and
object groups highlight local areas, facilitating focused attention
on crucial local details. By integrating insights from both the over-
all diagram and the fine-grained regions, a more comprehensive
understanding of the visual content can be attained.

3.3 Glance-Plan Stage
The Glance-Plan stage involves quickly browsing the diagram, con-
text (if it has), question, and candidate choices to formulate a so-
lution plan. If the question is simple, it can be addressed directly
with fast thinking using inherent commonsense knowledge, with-
out the need to break it down to seek visual details. Otherwise, it
requires slow and deliberate reasoning. Although current MLLMs

have shown remarkable performance in various tasks, such as im-
age captioning [9, 26] and object detection [35, 41, 43, 47], they still
struggle with complex tasks that demand the integration of both vi-
sual understanding and reasoning capabilities. Moreover, they tend
to hallucinate over questions that require deliberated multi-step
reasoning on visual details. To mitigate hallucinations and compel
more visual information into the reasoning process, we decompose
the task into several sub-goals. Not all sub-goals are activated for
each specific diagram-question pair, which varies with the difficulty
of the questions. Emulating human thinking, the MLLM decouples
the problem-solving task into a series of relevant sub-goals about
different functions that serve as a chain of reasoning guidance.

Given the nature of DQA, a complex problem-solving process
involves knowledge extraction, visual perception, and visual reason-
ing. The first focuses on domain-specific background knowledge,
while the last two pay more attention to the visual details of ob-
jects and object relations in the diagram. Specifically, Knowledge
Extraction focuses on acquiring question-related concepts and
background knowledge required for perception and reasoning, for
example, the concept of "producer" and "primary consumer". Visual
Perception aims to delve deeply into the specific visual details of
question-related visual objects, for example, "Recognize green algae
and golden algae". Visual Reasoning requires reasoning over the
visual objects and object relations, for example, "the copepod has
an arrow pointing to it from the golden algae". We design a prompt
to unveil their specific responsibilities and clarify the division of
labor and their roles in the DQA task as follows:

Specifically, given a diagram 𝐷 , the context𝐶 (if has), a question
𝑄 , and candidate choices A = {𝑎1, 𝑎2, ..., 𝑎𝑛}, we adopt an MLLM
F (·) to generate a preliminary solution plan including a chain of
reasoning guidance G = {G1, ...,G𝑘 } about different sub-goals:

G = F [𝐷,𝐶,𝑄,A] . (1)

The decomposition-related prompt is designed as shown in the
Prompt for Glance-Plan (Part II).

Each reasoning guidance is a concise summary of the corre-
sponding sub-goal. As shown in Figure 2, the MLLM generates a
deliberated solution plan G, acting as the reasoning guidance in the
next stage. By separating visual perception, reasoning, and knowl-
edge extraction, the framework allows the flexible integration of
different-granularity visual details and knowledge, effectively re-
ducing hallucinations arising from long-chain reasoning. Compared
with the question-decomposition methods [42, 48], the goals-based
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decomposition at a higher level offers greater flexibility to handle
various problems in a more structural manner, mitigating the issues
caused by over- or under-decomposition in sub-problems. More-
over, the functionality of each sub-goal and the reasoning logic
are clear, allowing the system’s behavior to be traced for a spe-
cific diagram-question pair. This detachment also simplifies error
diagnosis, making it easier to identify issues such as insufficient
knowledge, inaccurate perception, or flawed reasoning.

3.4 Focus-Reason Stage
For reasoning guidance G𝑖 about sub-goals of visual perception
and visual reasoning, the parsed single objects and object groups
are seamlessly integrated into the reasoning process. Specifically,
each visual guidance is linked to the diagram content with the
corresponding granularity. We retrieve relevant single objects or
object groups corresponding to the guidance G𝑖 from the candidate
region list R𝑜 and R𝑔 , respectively. This is achieved by first com-
puting their matching scores {𝑆𝑖 𝑗 }{𝑁,𝑀 }

𝑗=1 , and then selecting the
visual regions with top 𝑘 highest matching scores. Taking visual
perception as an example, the computation is as follows:

{𝑆𝑖 𝑗 }𝑁𝑗=1 = softmax(F𝑚 (G𝑖 ,R𝑜 )), (2)

{ 𝑗1, 𝑗2, ..., 𝑗𝑘 } = Topk(argsort({𝑆𝑖 𝑗 }𝑁𝑗=1)), (3)

R𝑜
𝑘
(G𝑖 ) = [𝑣 𝑗1 , 𝑣 𝑗2 , ...., 𝑣 𝑗𝑘 ], (4)

where G𝑖 ∈ G, F𝑚 denotes a image-text matching function, argsort
denotes a sorting operation for the matching scores, Topk denotes
a function to extract the indices with the top 𝑘 highest scores, and
softmax is used to normalize the scores.

With the retrieved related visual regions, the MLLM reasons
over multi-granularity visual contents to provide more detailed
information. For knowledge extraction, the MLLM can directly gen-
erate responses based on its inherent domain-specific knowledge.

Algorithm 1 GlFoMR
1: Input: Diagram 𝐷 , Context 𝐶 (if it exists), Question 𝑄 , and

Candidate choices A.
2: Output: Rationale 𝑅𝑎𝑡 and Final Answer 𝐴𝑛𝑠 .
3: R = {R𝑜 ,R𝑔, 𝐷} ← Hierarchical Diagram Parsing.
4: G = {G1, ...,G𝑛} ←MLLM.Glance_Plan(𝐷 , 𝐶 , 𝑄 , A).
5: for each reasoning guidance G𝑖 do
6: 𝐶𝑙𝑢𝑒𝑖 ←MLLM.Focus_Reason( G𝑖 , R).
7: end for
8: 𝑆𝑅 = {[G1,𝐶𝑙𝑢𝑒1]; ...; [G𝑛,𝐶𝑙𝑢𝑒𝑛]} ← Get the chain-of-clues.
9: 𝑅𝑎𝑡,𝐴𝑛𝑠 ←MLLM.Summarize_Answer(𝐷 , 𝐶 , 𝑄 , A, 𝑆𝑅).
10: Return 𝑅𝑎𝑡 , 𝐴𝑛𝑠 .

Table 1: The statistics of the test set of four DQA datasets.

Dataset SQA-IMG CSDQA TQA-DMC AI2D

Diagram 2,017 238 660 308
Question 2,017 618 3,285 978

For visual perception and visual reasoning, the corresponding guid-
ance 𝐺𝑖 , the retrieved regions R {𝑜,𝑔}

𝑘
(𝐺𝑖 ) along with the whole

diagram are provided as inputs to the MLLM, enabling it to pro-
duce the necessary clue 𝐶𝑙𝑢𝑒𝑖 . Note that the clue generated from
the visual perception is also integrated into the visual reasoning
subgoal-achievement process, allowing low-level visual perception
to enhance high-level visual reasoning.

3.5 Summarize-Answer Stage
In the Focus-Reason stage, we have collected the question-related
context clues {𝐶𝑙𝑢𝑒1, ...𝐶𝑙𝑢𝑒𝑛} for question answering. Then, in
the Summarize-Answer stage, an MLLM is introduced to summa-
rize the supplementary information as chain-of-clues, denoted as
𝑆𝑅 = {[G1,𝐶𝑙𝑢𝑒1]; ..., [G𝑛,𝐶𝑙𝑢𝑒𝑛]} to support the decision-making
process. As demonstrated in Algorithm 1, these clues together with
the corresponding diagram, context (if it has), question, and can-
didate choices are fed into the MLLM to generate a coherent and
logical rationale, culminating in the final answer, which can be
formalized as follows:

𝑅𝑎𝑡,𝐴𝑛𝑠 = F (𝐷,𝐶,𝑄,A, 𝑆𝑅). (5)

The specific prompt for the Summarize-Answer stage is intro-
duced as follows:
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Table 2: Performance comparisons on the test set of four DQA datasets. Question classes: NAT = natural science, SOC = social
science, and LAN = language science. TF denotes True-or-False questions, and MC denotes Multiple-Choice questions.

Backbone Model SQA-IMG CSDQA TQA-DMC AI2D Avg.
NAT SOC LAN All TF MC All

Open-Source
Models

LLaVa-1.5-7B [17] - - - 65.08 62.65 28.64 47.31 35.38 65.76 49.44
LLaVa-1.5-13B [17] - - - 68.45 64.43 29.36 48.65 37.64 67.77 51.91

CCoT (LLaVa-1.5-13B) [22] 68.65 72.77 75.00 70.35 61.81 46.93 54.37 55.98 67.80 61.71
MM-CoT-large [46] - - - 73.53 63.11 51.46 57.28 52.51 75.76 62.38
CoG-DQA [34] 76.10 79.45 65.91 78.85 72.82 63.75 68.28 54.60 79.14 66.40

GPT-3.5/4

CoT (GPT-3.5) [1] 70.22 62.30 70.45 67.23 65.02 27.04 46.83 36.20 53.39 48.72
CoT (GPT-4) [1] 71.71 70.16 81.82 71.34 66.85 27.45 48.03 38.47 58.68 51.85

DDCoT (GPT-3.5) [48] - - - 72.53 - - - - - -
GlFoMR (GPT-3.5) 82.71 82.85 90.91 82.95 68.61 67.31 67.96 72.09 81.90 76.29

Gemini-1.5-flash

Direct 66.09 65.97 70.45 66.14 71.52 61.17 66.34 66.92 80.98 68.63
CoT [1] 80.23 82.72 93.18 81.46 72.17 69.58 70.87 70.71 82.82 75.58

CCoT [22] 75.60 67.41 97.73 72.98 69.90 69.26 69.58 72.24 82.21 73.63
GlFoMR 85.61 86.26 97.73 86.12 73.46 72.17 72.82 74.09 84.97 79.04

GPT-4o-mini
Direct 68.65 67.41 79.55 68.42 70.87 63.78 66.83 67.88 81.70 69.90
CoT [1] 80.89 85.86 97.73 83.14 68.28 61.17 64.72 70.32 84.05 75.51

CCoT [22] 77.67 80.37 95.45 79.08 74.76 67.64 71.52 73.00 83.23 76.10
GlFoMR 87.26 87.17 95.45 87.40 76.70 68.93 72.82 75.13 86.30 80.09

4 Experiments
We conduct extensive experiments across four DQA benchmarks
to validate the effectiveness of our method. In Section 4.1, we first
introduce the details of four DQA datasets, baseline models, and the
implementation details of GlFoMR. Subsequently, the experimental
results and analyses are presented in Section 4.2. Next, we further
evaluate the effectiveness of GlFoMR through several ablation stud-
ies in Section 4.3. The sub-goal statistics are introduced in Section
4.4. Finally, the qualitative results and error analysis are shown in
Section 4.5 and 4.6 for more insights.

4.1 Experimental Settings
4.1.1 Datasets. In this section, we evaluate our proposed GlFoMR
on the test set of four DQA datasets: SQA-IMG, CSDQA, TQA, and
AI2D. The specific dataset statistics are shown in Table 1.
• SQA-IMG [19] is a subset of the multimodal science question
benchmark, containing only questions with accompanying dia-
grams. It encompasses three major scientific disciplines: natural
sciences (NAT), social sciences (SOC), and language sciences
(LAN). The test set is comprised of 2,017 samples.
• CSDQA [33] is collected from computer science in university
courses, containing 618 questions about 238 diagrams.
• TQA-DMC [14] is derived from Textbook Question Answering
(TQA) dataset, involving life science, earth science, and physical
science textbooks of middle school science curricula. The test set
contains 3,285 questions about 660 diagrams.
• AI2D [13] is collected from grade school science, with a test set
comprising of 308 diagrams and 978 questions.

4.1.2 Implementation Details. In the experiment, we use different
prevalent MLLMs as backbones, including Gemini-flash-1.5 and

GPT-4o-mini, by calling their API to evaluate the model perfor-
mance. For GlFoMR (GPT-3.5), the Glance-Plan and Summarize-
Answer stages utilize GPT-3.5, with the diagram-related informa-
tion for these stages provided by Gemini-flash-1.5. Meanwhile, the
Focus-Reason stage relies on the corresponding MLLM to meet the
demands of multimodality. In the Hierarchical Diagram Parsing
module, we employed the Segment Anything Model (SAM) [15] to
obtain isolated visual objects. In the Glance-Plan stage, we provide
a four-shot in-context example to guide the solution guidance gen-
eration. Tailored to the specific characteristics of different datasets,
we design distinct in-context examples in the Glance-Plan stage,
while keeping the remaining parts of the prompts consistent. In the
Focus-Reason stage, we use CLIP [25] to match each reasoning guid-
ance with the top 𝑘 most related visual content at the corresponding
granularity by calculating their similarities.

4.1.3 Baseline Models. We mainly selected several classic prompt-
based models as our baselines. We divide them into two categories:
• Open-Source MLLMs: LLaVa-1.5-7B [17], LLaVa-1.5-13B [17],
MM-CoT-large [46], and CoG-DQA [34].
• Closed-Source MLLMs with large-scale parameters: GPT-3.5 [24],
GPT-4 [1], Gemini-1.5-flash [2], GPT-4o-mini [11]. There are sev-
eral prompt-based methods to further improve their performance,
including CoT [1], CCoT [22], and DDCOT [48].

4.2 Main Results
We comprehensively evaluate the performance of GlFoMR on top of
Gemini-flash-1.5 and GPT-4o-mini through SQA-IMG [19], CSDQA
[33], AI2D [13], and TQA-DMC [14]. The results on four different
DQA benchmarks are displayed in Table 2. We primarily use accu-
racy as the evaluation metric to quantify the models’ performance.
We can make the following five observations: (1) GlFoMR with
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Table 3: Ablation studies of GlFoMR based on Gemini-1.5-flash and GPT-4o-mini on SQA-IMG, CSDQA and AI2D.

Model SQA-IMG CSDQA AI2D
NAT SOC LAN Avg. TF MC Avg.

Gemini-1.5-flash

Base 85.61 86.26 97.73 86.12 73.46 72.17 72.82 84.97
w/o HDP 82.21(↓3.40) 84.69(↓1.57) 95.45(↓2.28) 83.44(↓2.68) 72.49(↓0.97) 71.52(↓0.65) 72.00(↓0.82) 82.21(↓2.76)
w/o GP 80.23(↓5.38) 83.12(↓3.14) 93.18(↓4.55) 81.46(↓4.66) 72.17(↓1.29) 69.58(↓2.59) 70.71(↓2.11) 82.82(↓2.15)
w/o R 83.20(↓2.41) 84.55(↓1.71) 97.73(↓0.00) 84.04(↓2.08) 73.14(↓0.32) 70.55(↓1.62) 71.84(↓0.98) 82.71(↓2.26)

GPT-4o-mini

Base 87.26 87.17 95.45 87.40 76.70 68.93 72.82 86.30
w/o HDP 84.37(↓2.89) 86.00(↓1.17) 93.18(↓2.27) 85.18(↓2.22) 74.43(↓2.27) 66.34(↓2.59) 70.39(↓2.43) 83.23(↓3.07)
w/o GP 80.89(↓6.37) 85.86(↓1.31) 97.73(↑2.28) 83.14(↓4.26) 68.28(↓8.42) 61.17(↓7.76) 64.72(↓8.10) 84.05(↓2.25)
w/o R 82.63(↓4.63) 86.12(↓1.05) 95.45(↓0.00) 84.23(↓3.17) 72.50(↓4.20) 64.10(↓4.83) 68.28(↓4.54) 83.54(↓2.76)

different MLLM backbones exhibits significant and consistent per-
formance improvement over all other baselines on four benchmarks.
It shows an average performance improvement of 3.46% over CoT
based on Gemini-1.5-flash and 3.99% over CCoT based on GPT-
4o-mini, demonstrating its effectiveness and generalization ability.
Moreover, GlFoMR utilizing both Gemini-1.5-flash andGPT-4o-mini
surpasses GlFoMR with GPT-3.5, suggesting that the incorporation
of holistic visual information enables MLLMs to formulate more
rational reasoning plans. (2) GlFoMR with Gemini-1.5-flash and
GPT-4o-mini achieves a peak of 4.66% and 4.26% improvement re-
spectively on the SQA-IMG dataset compared with the best baseline
CoT. We analyze that the integration of multi-granularity diagram
information can effectively promote problem-solving performance.
(3) GlFoMR receives a relatively small performance boost 1.95%
and 1.3% on the CSDQA dataset compared to the best baseline with
Gemini-1.5-flash and GPT-4o-mini, respectively. We analyze that
the abstract visual representation and their complex object inter-
actions in the computer science domain still pose a challenge for
MLLMs. (4) Compared to CoTwith Gemini-1.5-flash or GPT-4o-mini
as backbones, our model achieves 3.46% and 4.66% performance
improvement, respectively, which demonstrates the advantage of
our two decoupled designs in GlFoMR over the tight interweaving
of visual and textual reasoning in CoT. (5) Compared to other mul-
timodal prompt-based methods, the performance gains of GlFoMR
further highlight that the seamless integration of multi-granularity
visual details into the reasoning process yields greater effectiveness
and advantages.

4.3 Ablation Studies
4.3.1 The impact of mainmodules. To further evaluate the effective-
ness of each design in our GlFoMR framework, we conduct a series
of ablation studies across SQA-IMG, CSDQA, and AI2D in Table 3.
When Hierarchical Diagram Parsing (HDP) is removed, we replace
the multi-granularity visual information in the Focus-Reasoning
stage with the whole diagram, leading to noticeable performance
degradation for either Gemini-1.5-flash or GPT-4o-mini. This proves
the importance of HDP in providing crucial different-granularity
visual details compared with the entire content-rich diagram. Since
the Focus-Reason stage depends on the Glance-Plan stage, w/o GP

Figure 3: The impact of different numbers of visual regions
𝑘 relevant to the sub-goals from the Glance-Plan stage. 𝑘 = 0
denotes no parsing visual region is used, and 𝑘 = 𝐴𝑙𝑙 denotes
all parsing visual regions are used.

represents the removal of both Glance-Plan (GP) and Focus-Reason
(FR). In this case, GlFoMR degrades to CoT. The results highlight
the effectiveness of our decomposed design in mitigating the hallu-
cinations that arise from the tightly entangled reasoning process.
In the summarize-answer stage, we remove the generation of ra-
tionale 𝑅. We find that rationale promotes a smooth and logical
flow of thought, helping generate a coherent reasoning process,
and ultimately helping guide the model to the correct answer. To a
certain extent, it helps to improve the question-answering accuracy,
especially in complex questions that require multi-step reasoning.
Overall, our GlFoMR framework is a cohesive system wherein each
design is essential to performance.

4.3.2 The impact of the number of matching visual regions. To
explore the impact of the number of visual regions 𝑘 on sub-goals,
we evaluate different values of 𝑘 and compare the results on SQA-
IMG and AI2D. The results are as shown in Figure 3. The model’s
performance initially improves as 𝑘 increases, peaking at 86.12%
and 72.82% for SQA-IMG and AI2D, respectively, when 𝑘 = 3. These
experimental results demonstrate that parsing diagrams into fine-
grained visual regions enables the model to focus on relevant local
information and capture detailed visual features, thereby enhancing
overall performance. However, when 𝑘 = 4, the accuracy begins
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Figure 4: Statistics of GlFoMR’s utilization of three sub-goals
across the four DQA datasets.

to decline slightly. When 𝑘 = 𝐴𝑙𝑙 , a significant drop occurs. The
performance is even worse than that of 𝑘 = 0. We attribute the per-
formance drops to the introduction of excessive noise or redundant
information when the number of visual regions reaches a threshold.

4.4 Sub-goal Statistics
The statistics of different sub-goals generated by GlFoMR for four
DQA datasets are shown in Figure 4. Through the analysis, we can
gain deeper insights into the distribution of question types for differ-
ent datasets. We find that Gemini-1.5-flash and GPT-4o-mini exhibit
relatively similar glance-plan patterns. The utilization distribution
of visual perception, visual reasoning, knowledge extraction, and
direct answering shows a comparable trend in both models, with a
higher reliance on visual perception and visual reasoning. For all
four datasets, visual perception is the most commonly employed
sub-goal, followed by visual reasoning and knowledge extraction,
as depicted in Figure 4. It aligns with the intuition that visual per-
ception is the cornerstone of diagram question answering tasks.
The proportion of visual reasoning is slightly lower than that of
visual perception, but much higher than that of knowledge extrac-
tion. Compared to other datasets, the SQA dataset contains the
highest proportion of questions that can be directly answered us-
ing commonsense knowledge. It also has the highest proportion
of questions requiring domain-specific knowledge for reasoning.
In contrast, the TQA-DMC has the lowest proportion of questions
that can be answered directly, and most questions require visual
perception and reasoning to answer.

4.5 Case Studies
To further intuitively demonstrate the effectiveness of our proposed
framework GlFoMR, we conduct case studies on three success cases
and two failure cases, as illustrated in Figure 6. These cases are
selected from SQA, CSDQA and AI2D from different subject ar-
eas. Specifically, GlFoMR first generates a preliminary plan via
the Glance-Plan stage. The first and third cases involve all three
sub-goals about knowledge extraction, visual perception, and vi-
sual reasoning. It guides MLLMs to output the domain-specific
knowledge about magnetic force comparison and First-In-Last-Out
principles. For sub-goals about visual perception and visual reason-
ing, GlFoMR seamlessly integrates the most related visual details of
different granularities from the parsed diagram to elicit the MLLMs
to conclude the high-quality clues. The decomposition of the reason-
ing process enables the flexible integration of different-granularity

Figure 5: Error distribution over 80 problems across the four
DQA datasets using Gemini-1.5-flash.

visual details and domain-specific knowledge, effectively reducing
hallucinations arising from long-chain reasoning. It also facilitates
the identification of errors, such as insufficient knowledge, inac-
curate perception, or flawed reasoning. For example, in the first
failure case, GlFoMR makes mistakes in reasoning about whether
node 𝐶 can have another node. The second failure case provides
insufficient knowledge about the kinetic energy. It is calculated
using the formula 𝐾𝐸 = 1

2𝑚𝑣
2, where𝑚 is the mass and 𝑣 is the

velocity of particles. This knowledge point is crucial to addressing
the problem.

4.6 Error Analysis
To thoroughly examine the limitations of GlFoMR and help point
towards areas needing further research, we conduct a detailed er-
ror analysis when using Gemini-1.5-flash as the backbone. We
randomly sampled 80 error samples from four datasets, with 20
samples from each dataset. The errors were categorized as follows.
(1) Inadequate Knowledge (26%). Irrelevant or insufficient knowl-
edge provision can result in deviations in subsequent reasoning.
For example, when guiding the comparison of magnetic forces be-
tween magnets, the impact of magnet size is overlooked, leading to
reasoning errors. (2) Inaccurate Perception (29%). Despite being
capable of acquiring fine-grained visual information, the model may
still struggle to accurately interpret some key visual cues. This lim-
itation often arises from the difficulty in understanding small-scale
visual details or domain-specific nuances in the diagram. These
errors manifest as misidentification or misclassification of objects,
particularly when the task demands precise visual perception. For
instance, the model might incorrectly perceive solution particles
or misidentify empty stacks. (3) Flawed Reasoning (35%). This
emerges as a significant cause of errors. While the model success-
fully interprets text and images and retrieves relevant knowledge, it
often struggles with complex reasoning effectively, resulting in in-
accurate answers. For instance, the model might make errors when
reasoning about species changes in a food web. (4) Inappropriate
Preliminary Plan (6%). In the Glance-Plan stage, the proposed
solution plan is not closely aligned with the actual problem-solving
process, introducing irrelevant or distracting information. (5) Other
Errors (4%). For instance, the reasoning process may be correct,
but the final incorrect answer is chosen.

5 Conclusion
In this paper, we propose a novel training-free Glance-then-Focus
Multimodal Reasoning framework GlFoMR for diagram question
answering, which features flexible visual-text interaction and dis-
entangled multimodal reasoning capabilities. The diagram is first
parsed into a hierarchical structure with visual contents of different
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Figure 6: Case studies of our proposed GlFoMR using Gemini-1.5-flash. These cases are selected from SQA, AI2D, and CSDQA,
respectively. We display the intermediate output from Glance-Plan, Focus-Reason, and Summarize-Answer stages to delve into
the effectiveness of GlFoMR. The blue background highlights the errors for the two failure cases in the last row.

granularities for multimodal interactive reasoning. The reasoning
process is mainly decoupled into distinct Glance-Plan and Focus-
Reason stages, drawing inspiration from the human cognition habit.
The two stages collaborate to first generate a preliminary plan about
different sub-goals by glancing at the multimodal context, and then
focus on the visual details based on corresponding sub-goals for
deliberated reasoning. The sub-goal decomposition facilitates the
seamless integration of the multi-granularity diagram content and
domain-specific background knowledge in step-wise reasoning,
mitigating the hallucinations in the multi-step reasoning process
to further improve the DQA performance. Our comprehensive ex-
periments across a diverse range of DQA benchmarks demonstrate
that GlFoMR achieves SOTA performance, outperforming previous
baselines. The ablation study also highlights the significant con-
tribution of GlFoMR in empowering MLLMs to integrate detailed
information for effective reasoning. Furthermore, our error analysis

highlights several inherent limitations in our framework, offering
valuable insight for future improvements.
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