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Abstract MMStar

Large Language Models (LLMs), enhanced through agent
tuning, have demonstrated remarkable capabilities in
Chain-of-Thought (CoT) and tool utilization, significantly
surpassing the performance of standalone models. How-
ever, the multimodal domain still lacks a large-scale, high-
quality agent tuning dataset to unlock the full potential
of multimodal large language models. To bridge this
gap, we introduce MMAT-IM, the first million-scale mul-
timodal agent tuning dataset designed to support CoT, re-
flection, and dynamic tool usage. Our dataset is con-
structed through a novel four-stage data engine: 1) We
first curate publicly available multimodal datasets contain-
ing question-answer pairs; 2) Then, leveraging GPT-4o,
we generate rationales for the original question-answer
pairs and dynamically integrate API calls and Retrieval
Augmented Generation (RAG) information through a multi-
turn paradigm; 3) Furthermore, we refine the rationales
through reflection to ensure logical consistency and accu-
racy, creating a multi-turn dialogue dataset with both Ra-
tionale and Reflection (RR); 4) Finally, to enhance effi-
ciency, we optionally compress multi-turn dialogues into a
One-turn Rationale and Reflection (ORR) format. By fine-
tuning open-source multimodal models on the MMAT-IM,
we observe significant performance gains. For instance, the
InternVL2.5-8B-RR model achieves an average improve-
ment of 2.7% across eight public benchmarks and 8.8% on
the RAG benchmark Dyn-VQA, demonstrating the dataset’s
effectiveness in enhancing multimodal reasoning and tool-
based capabilities. The dataset is publicly available at
https://github.com/VIS-MPU-Agent/ MMAT-1M.

1. Introduction

In recent years, Multimodal Large Language Models
(MLLMs) exemplified by GPT-40 [31], Gemini [35], the
QwenVL series [1, 2, 39], the InternVL series [8—10], and
the LLaVA series [21, 22] have made remarkable strides. To
further enhance the reasoning and problem-solving capabil-
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Figure 1. Performance comparison of multimodal large language
models fine-tuned on MMAT-1M dataset using One-turn Ratio-
nale and Reflection (ORR) and Rationale and Reflection (RR)
across eight benchmarks. Both strategies significantly boost per-
formance, demonstrating the effectiveness of structured reasoning
and MMAT-1M.

ities of these models, integrating Chain-of-Thought (CoT)
reasoning and external tools has proven to be an effective
approach, commonly referred to as “Agents”. Agents op-
erate through two primary methods: instruction-driven [13,
33, 40, 44, 45] and tuning-driven [3, 7, 36, 47, 49]. The for-
mer involves designing prompts to enable LLMs to plan,
reason, and utilize tools, which demands strong prompt
comprehension. The latter employs specialized datasets
to fine-tune models, empowering even smaller models to
achieve agent capabilities comparable to proprietary large
models. Consequently, agent tuning has emerged as a
prominent and promising research direction.

In terms of existing research, several representative
works have emerged in the field of multimodal agent tun-



ing. For instance, LLaVA-Plus [23] converts LLaVA-158K
dataset into a tool-use instruction format with 117K samples
through both user-oriented and skill-oriented dialogues, and
T3-Agent [14] constructs the MM-Traj dataset that contains
20K multimodal tasks with tool-usage trajectories. How-
ever, existing datasets commonly suffer from three critical
shortcomings: (1) They exhibit a relatively homogeneous
distribution, limiting improvements to diverse benchmarks;
(2) They lack mechanisms for reflecting on errors induced
by visual tools, resulting in weak model robustness against
interference; (3) They are deficient in flexible reasoning
and tool-usage mechanisms, reducing their feasibility for
real-world applications. Consequently, building a large-
scale tuning dataset that effectively addresses these chal-
lenges—diversity, robustness, and flexibility—has emerged
as a critical breakthrough for advancing the field.

To overcome these bottlenecks, we propose Multi-Modal
Agent Tuning—One Million (MMAT-1M), which, to the
best of our knowledge, is the first million-scale multi-
modal agent tuning dataset including diverse fundamental
visual tasks. Building on publicly available multimodal
datasets, we design a four-stage data synthesis framework.
First, we compile publicly accessible multimodal datasets
that encompass question-answer pairs. To ensure consis-
tency in input and output formats across diverse multimodal
datasets, we adapt the prompts for both inputs and outputs.
Then we generate iterative trajectories using CoT reasoning
and dynamic API calls, incorporating functionalities such
as Image Caption, Optical Character Recognition (OCR),
Open-Vocabulary Object Detection (OVD), Face Detection,
and RAG. Next, we evaluate these trajectories for logi-
cal inconsistencies and refine those requiring modification
through a reflection process. To enhance practical flexibil-
ity, we optionally consolidate iterative trajectories into a
one-turn format and prepend tool-usage results to the in-
put. Experimental results demonstrate that models fine-
tuned with the MMAT-1M dataset exhibit significant perfor-
mance advantages. As Figure 1 shows, after training on our
two formats of datasets, all three mainstream open-source
models achieve better performance compared to the base-
line. Taking the InternVL2.5-8B-RR model as an example,
it achieves an average improvement of 2.7% across eight
publicly available multimodal benchmarks compared to the
baseline model. Furthermore, on the Dyn-VQA benchmark,
which requires multi-hop reasoning and web search capa-
bilities, it demonstrates an improvement of 8.8%.

The main contributions of this study can be summarized
as follows: (1) We propose the first million-scale multi-
modal agent tuning dataset, MMAT-1M, addressing a criti-
cal gap in the domain of multimodal agent tuning. (2) We
establish a reflection mechanism that effectively mitigates
logical errors in the reasoning process, significantly enhanc-
ing the model’s robustness. (3) We offer datasets in both
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one-turn and iterative formats, providing flexibility to bal-
ance precision and efficiency in practical applications.

2. Related Work

LLM-based Agents LL.M-based agents are primarily large
models that harness the instruction-following capabilities
of LLMs to develop advanced reasoning and tool-usage
functionalities. Notable frameworks in this domain include
HuggingGPT [33], GPT4Tools [44], VisualChatGPT [40],
among others. ReAct [45], for instance, introduces a gen-
eral paradigm that integrates CoT reasoning with action
execution to address a broad spectrum of reasoning and
decision-making challenges. Similarly, AssistGPT [13],
proposes a “Learner” module that analyzes the prediction
process and facilitates reflection, aligning with ReAct’s
methodology. However, these approaches heavily rely on
the instruction comprehension capabilities of LLMs, which
restricts their effectiveness in handling longer or more com-
plex reasoning tasks. Additionally, the high computational
costs associated with invoking large models further raise the
barrier to practical application.

Multimodal Agent Tuning. Agent tuning is a specialized
subfield of language model fine-tuning, focused on enhanc-
ing the capabilities of LLMs in areas such as planning, rea-
soning, and tool usage. Among the earliest works in this
domain are AgentTuning [49] and Fireact [3], which laid
the foundation for subsequent advancements in agent tun-
ing. Subsequently, many efforts are dedicated to advanc-
ing agent tuning [7, 34, 36, 47]. However, these methods
primarily concentrate on optimizing LLMs, which, when
applied in the multimodal domain, can only access infor-
mation through multimodal tools. To address this limita-
tion, several studies have explored multimodal agent tuning
to improve reasoning and tool usage for multimodal chal-
lenges. For instance, LLaVA-Plus [23] represents the first
attempt to train a multimodal assistant through visual in-
struction tuning, enabling it to learn tool usage effectively.
Similarly, MLLM-Tool [37] is an agent system that inte-
grates multimodal encoders with open-source LLMs to per-
ceive and process instructions based on visual or audio in-
puts. Additionally, T3-Agent [14] generates a diverse range
of multimodal tasks with detailed trajectories and leverages
this data to fine-tune Vision-Language Models (VLMs) for
enhanced tool utilization.

Multimodal Agent and CoT Dataset. To achieve strong
performance in multimodal agent tuning, several datasets
have been developed to optimize agents using diverse
approaches. For instance, LLaVA-Plus transforms the
LLaVA-158K dataset into a tool-use instruction format.
Similarly, MLLM-Tool curates instruction-answer pairs en-
compassing 29 tasks sourced from HuggingFace. Mean-
while, T3-Agent introduces MM-Traj, a dataset comprising
20K trajectories, generated through a novel data collection



Statistics Component Number
Visual CoT [32] 434265
LLaVA-CoT [43] 98561
Dataset Composition The Cauldron [19] 215680
P TabMWP [26] 23059
Infoseek [6] 131400
1 turn 846389
Dialogue Turns 2 turns 28646
3+ turns 27930
2 turn 7909
Rationale Steps 3 turns 763212
4 turns 221440
5+ turns 97702
Image Caption 620644
OVD 156237
Operator Calls OCR 471866
Face Detection 20077
RAG 205682
. General 46508
Reflection Calls Math 11139

Table 1. Key statistics of the MMAT-1M dataset.

pipeline. Moreover, some agents, such as OmniSearch [20],
have designed the Dyn-VQA benchmark to evaluate capa-
bilities in RAG and multi-hop reasoning tasks. In addi-
tion to these multimodal agent datasets, several multimodal
CoT datasets share similar construction methodologies but
lack explicit information on tool usage, such as LLaVA-
CoT [42], Visual-CoT [32], and M3CoT [5].

3. MMAT-1M Dataset

In this section, we provide a comprehensive introduction to
MMAT-1M, detailing its key components and methodolo-
gies. The discussion is structured into three parts: (1) an
overview of the dataset, which outlines its scope, compo-
sition, and significance (Section 3.1); (2) the data engine,
which describes the iterative framework for generating and
refining high-quality trajectories (Section 3.2); and (3) the
multimodal agent tuning method, which explains the ap-
proaches for enhancing reasoning and tool-usage capabil-
ities (Section 3.3).

3.1. Overview of MMAT-1M

To build a diverse and comprehensive MMAT-1M dataset,
we consolidate data from five distinct sources. These
sources encompass a wide range of critical domains in
multimodal tasks, including visual understanding, logical
reasoning, mathematical computation, and knowledge re-
trieval. This integration ensures both the diversity and com-
pleteness of the dataset. The details of each dataset are as
follows:

Visual CoT [32] encompasses a variety of tasks, such
as document parsing, fine-grained understanding, general
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Dataset Size  APIs  Online Search  CoT  Reflection Turns

LLaVA-Plus-vl [23] 117K v X v X multiple
Visual CoT [32] 438K X X v X one
LLaVA-CoT [43] 100K X X v X one
MM-Traj [14] 20K v v v X one
MMAT-IM IM v v v v one&multiple

Table 2. Comparison of MMAT-1M with other training datasets.

visual question answering (VQA), chart analysis, and re-
lational reasoning. Its primary objective is to strengthen
models’ capabilities in focusing on localized visual regions
and executing step-by-step reasoning processes. LLaVA-
CoT [43] places a strong emphasis on complex reason-
ing and systematic thinking. It tackles a range of tasks,
including general VQA, scientific reasoning, mathemati-
cal reasoning, and document understanding, aiming to en-
hance models’ hierarchical reasoning capabilities and im-
prove their interpretability. The Cauldron [19] incorpo-
rates a wide array of multimodal data types, including in-
terleaved text-image documents, text-image pairs, OCR-
processed documents, and tables or charts. The diversity
of its data sources and task designs plays a pivotal role
in advancing models’ generalization capabilities, particu-
larly in the integration of visual and linguistic information.
TabMWP [26] focuses on mathematical reasoning tasks
that integrate both textual and tabular data, seeking to im-
prove models’ table parsing, numerical computation, and
complex reasoning capabilities. Infoseek [6] is centered on
visual information-seeking question answering, designed to
assess and enhance the performance of multimodal models
in knowledge-intensive visual question-answer tasks. These
tasks demand fine-grained reasoning that extends beyond
common sense and often relies on external knowledge bases
for accurate responses.

The statistical information of the MMAT-1M dataset
is shown in Table 1. The dataset comprises a total of
1,090,263 question-answer pairs and 902,965 dialogues,
distributed across distinct subsets to ensure diversity in data
sources. The second row of the table shows the number
of dialogue turns in the original data, which shows that the
one-turn dialogues represent the majority of samples, while
the multi-turn dialogues are comparatively less frequent. In
terms of reasoning complexity, the majority of data sam-
ples involve two-step and three-step reasoning processes,
which serve as the foundational level of reasoning. In con-
trast, tasks requiring more intricate, multi-step reasoning
constitute a smaller proportion, highlighting the dataset’s
inclusion of both basic and advanced cognitive challenges.
Meanwhile, among a wide range of operator calls, the invo-
cation of Image Caption and OCR is relatively high, indi-
cating the demand for basic information of images and text
in the reasoning process. RAG and OVD also account for
a notable proportion of operator invocations. Furthermore,
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Figure 2. The data engine pipeline follows four stages: foundation, rationale generation, reflection, and trajectory integration. It generates
datasets in two formats (RR and ORR) achieving a balance between precision and efficiency.

the reflection section encompasses both general reflection
and mathematical reasoning reflection, comprising a total
of approximately 57k data points. In summary, MMAT-1M
is distinguished by its large-scale data volume, diverse task
coverage, and hierarchical reasoning depth, collectively es-
tablishing a robust and flexible data foundation for advanc-
ing research in multimodal agent tuning.

We compare MMAT-1M with several similar agent tun-
ing and CoT datasets, including LLaVA-Plus-v1 [23], Vi-
sual CoT [32], LLaVA-CoT [43] and MM-Traj [14], as
shown in Table 2. It is evident that the scale of our dataset
substantially exceeds that of comparable datasets. Further-
more, our dataset is equipped with API and RAG tool invo-
cation capabilities, supports CoT reasoning and reflection,
and encompasses both one-turn and multi-turn reasoning
paradigms.

3.2. Data Engine

As shown in Figure 2, the data construction process is struc-
tured into four key stages: foundation, rationale generation,
reflection, and integration of trajectories.

Foundation. As an illustrative example, we randomly se-
lect an image and its corresponding question-answer pair
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from the original dataset. To ensure consistency in response
styles across different datasets, we optimize the phrasing
of the questions. For samples with shorter answers, we
append a response style constraint at the end of the ques-
tion, while keeping the original answer unchanged. Addi-
tionally, we prepare external tools for invocation, includ-
ing Image Caption, OVD, OCR, Face Detection, and RAG.
The Image Caption operator generates textual descriptions
of images, extracting key visual information and expressing
their semantics. Based on the CCoT [29], we use GPT-40
to construct a scene graph and generate image descriptions
accordingly, enhancing semantic understanding and com-
positional reasoning capabilities. OVD leverages object in-
formation from the scene graph to identify and detect tar-
gets within an open vocabulary range, enabling the recog-
nition of novel categories that extend beyond a predefined
label set. This functionality is implemented using Ground-
ing DINO [24]. OCR utilizes PaddleOCR [11] to recognize
textual content within images. Face Detection, powered by
deepface [30], accurately locates facial regions in images.
Finally, for questions that require online search capabilities,
we leverage GPT-40 to generate search queries, which are
then used to invoke the Google API to retrieve the top-k



most relevant information.

Rationale. We employ an iterative diagram to generate ra-
tionales, where the annotation process is powered by GPT-
4o, ensuring the stability and efficiency of reasoning. Dur-
ing inference, the model adaptively invokes multimodal op-
erators RAG to maintain the completeness and interpretabil-
ity of the reasoning chain. The reasoning process initiates
with problem analysis, where the model selects appropriate
operators based on task requirements. If holistic seman-
tic understanding is required, the Image Caption operator
is invoked to extract a scene graph and generate an image
description. For tasks demanding object-level information,
the OVD operator is utilized to identify objects within an
open-vocabulary range. Similarly, the OCR operator and
Face Detection operator are employed for text recognition
and facial analysis, respectively. When operator outputs
are insufficient to support inference, the model formulates
RAG queries to retrieve and integrate external knowledge.
Each reasoning step is meticulously recorded in a structured
STRING format, capturing inference thoughts, operator in-
vocations, retrieval requests, and subsequent actions. This
adaptive multi-turn reasoning mechanism ensures the logi-
cal coherence of the reasoning chain, ultimately producing
accurate, interpretable, and well-documented rationales.

Reflection. In our observations, the rationales generated
through the process mentioned above exhibit two notable
issues. The first is incompleteness in the reasoning pro-
cess, particularly evident in the derivation of mathematical
problems. This occurs when certain steps are omitted, mak-
ing it challenging to arrive at the final answer. The sec-
ond issue is reasoning cheating behavior, where the ratio-
nale’s thought process does not logically lead to the final
answer, but GPT-4o forcibly aligns the reasoning with the
answer during label generation, creating an illusion of cor-
rectness. To address these issues, we introduce reflective
steps aimed at enhancing the model’s error-correction capa-
bilities during training and ensuring the reasoning process
remains logically sound. Specifically, for the first issue,
GPT-4o is tasked with identifying whether “step skipping”
behavior exists in the reasoning process. If such behavior
is detected, missing steps are supplemented to complete the
derivation. For the second issue, we employ GPT-4o to re-
evaluate whether the rationale’s thought process aligns with
the final answer. If a mismatch is identified, a reflective
process is implemented to make the rationale aware of the
cheating behavior and correct it accordingly.

Integration. The dataset generated through the approach
above adopts a multi-turn Rationale and Reflection (RR)
format, which may be impractical for real-world applica-
tions requiring time-sensitive responses. Inspired by the
LUMOS [47] model, we aim to create a dataset where the
model can deliberate and produce the final answer in one
turn. However, due to the constraints of the one-turn for-
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mat, we cannot dynamically incorporate the results of ex-
ternal operators during the output phase. To address this,
we integrate the results of all operators (excluding RAG)
into the input stage, clearly demarcated by brackets. At the
output stage, we consolidate multiple trajectories from the
multi-turn dialogue into a One-turn Rationale and Reflec-
tion (ORR) format. Our findings indicate that ORR not
only retains the ability to perform reasoning and integrate
external tool results but also significantly improves infer-
ence speed, making it more suitable for time-critical appli-
cations.

To assess potential GPT-40 hallucinations, we evaluated
all MMAT-1M samples on coherence, relevance, accuracy,
completeness, and image-text alignment, with over 89%
demonstrating high-quality reasoning. Evaluation criteria
are detailed in the supplementary material.

3.3. Multimodal Agent Tuning

Given a training sample: {{q1,71},...{¢:,r:},..-{an, A}},
where ¢; is i-th question, 7; indicates the rationale, and
A signifies the final answer. We select several open-
source multimodal models and employ supervised fine-
tuning (SFT) training schemes on these models.

SFT. We opt for low-rank adaptation (LoRA) [16], com-
pared to full parameters fine-tuning, which not only retains
the majority of the baseline model’s knowledge but also
save memory and computational space efficiently. The loss
function of it is designed as follows:

L:Loriginal'i')‘ZHAeiH%'? (M
7

where Lorigina is the original loss function, Af; indicates
the update of the ¢-th weight matrix, A is the regularization
parameter, and || - || 7 denotes the Frobenius norm.

4. Experiments

We conduct extensive experiments across multiple bench-
marks to evaluate the effectiveness of our approach. Sec-
tion 4.1 details the implementation settings. In Section 4.2,
we compare our method, which fine-tunes MLLMs with
One-turn Rationale and Reflection (ORR) and Rationale
and Reflection (RR) strategies on the MMAT-1M dataset,
against baselines. The evaluation spans eight benchmarks,
covering general and reasoning tasks, along with one bench-
mark for external knowledge retrieval. Section 4.3 presents
ablation studies and analyzes inference efficiency. Finally,
Section 4.4 provides qualitative results for further insights
into our method.

4.1. Implementation Details

In this section, we integrate MMAT-1M with various
MLLMs to showcase the broad applicability of our ap-
proach. We investigate two reasoning strategies, ORR and



Model Method Average MMStar MMMU  MathVista MathVision AI2D  OCRBench  RealWorldQA  HallusionBench
GPT-40 [17] / 65.6 65.1 70.7 60.0 30.4 84.9 806 76.5 56.2
Baseline 52.2 47.7 50.3 48.0 16.4 77.1 756 63.4 39.4
Llama-3.2-11B-Vision-Instruct [28] ORR 54.6 50.7 47.8 50.1 17.7 78.9 806 66.7 44.4
RR 55.3 514 51.0 49.1 16.8 779 784 69.3 48.3
Baseline 58.0 56.5 47.1 60.3 22.4 81.5 843 65.0 47.1
MiniCPM-V-2.6 [46] ORR 58.8 56.9 479 60.6 23.4 81.7 848 66.6 48.8
RR 59.9 58.5 49.2 61.9 253 82.0 840 68.0 50.0
Baseline 52.7 53.6 432 50.1 16.1 75.1 804 60.5 42.6
InternVL2.5-2B [8] ORR 54.4 55.4 44.7 50.1 14.1 71.5 819 69.5 424
RR 54.7 54.9 44.4 52.6 16.5 77.2 799 68.0 43.8
Baseline 58.4 58.6 51.8 60.8 21.7 81.2 823 64.6 46.5
InternVL2.5-4B [8] ORR 59.5 59.2 50.7 61.4 19.7 81.4 824 69.2 51.9
RR 60.6 60.9 53.1 62.0 224 82.7 805 72.2 50.7
Baseline 60.7 62.4 53.1 64.5 20.1 84.1 819 69.4 49.8
InternVL2.5-8B [8] ORR 62.4 64.8 55.4 63.8 20.8 83.5 849 73.0 53.3
RR 63.4 65.3 57.3 64.8 21.7 84.2 839 74.4 55.8

Table 3. Performance comparison of MLLMs with Baseline, ORR (One-turn Rationale and Reflection), and RR (Rationale and Reflection)
across eight benchmarks. Models trained on MMAT-1M with ORR and RR achieve overall gains, enhancing multimodal capabilities.

Model Query  Golden Query
GPT-40 [17] 52.0 61.5
OmniSearch (GPT-4V) [20] 50.0 /
Llama-3.2-11B-Vision-Instruct [28] 294 34.6
Llama-3.2-11B-Vision-Instruct-RR 38.0 45.1
MiniCPM-V-2.6 [46] 32.7 39.2
MiniCPM-V-2.6-RR 359 44.4
InternVL2.5-2B [8] 19.3 26.0
InternVL2.5-2B-RR 30.9 38.8
InternVL2.5-4B [8] 23.3 31.1
InternVL2.5-4B-RR 354 42.1
InternVL2.5-8B [8] 27.0 352
InternVL2.5-8B-RR 36.8 44.0

Table 4. Results on the RAG Benchmark Dyn-VQA. RR strategy
significantly boosts performance across model scales, enhancing
multi-hop reasoning and retrieval.

RR, which guide multimodal models toward structured and
interpretable reasoning. ORR consolidates all reasoning
steps into a single query, enabling efficient inference while
maintaining strong accuracy. In contrast, RR follows a
multi-step reasoning process, dynamically selecting oper-
ators and retrieving external knowledge when needed. For
reasoning scenarios that require external knowledge injec-
tion, we employ Google Search to retrieve relevant infor-
mation. Each query returns up to three results (top-k=3),
providing the model with necessary contextual knowledge
while maintaining efficiency.

We apply these strategies to open-source multimodal
models, including Llama-3.2-11B-Vision-Instruct [28],
MiniCPM-V-2.6 [46], and the InternVL2.5 series [8],
which includes InternVL2.5-2B, InternVL2.5-4B, and
InternVL2.5-8B. Each model is separately fine-tuned with
ORR and RR on the MMAT-1M dataset, which consists
of 1,090,263 question-answer pairs, for one epoch with a

learning rate of 4e-5. Detailed training parameters are pro-
vided in the supplementary material.

4.2. Main Results on Benchmark

Setup. We conduct a comprehensive evaluation of our
method using eight widely adopted and challenging bench-
marks: MMStar [4], MMMU [48], MathVista [27],
MathVision [38], AI2D [18], OCRBench [25], Real-
WorldQA [41], and HallusionBench [15]. Specifically,
MMStar and MMMU primarily assess multimodal reason-
ing and question-answering capabilities, while MathVista
and MathVision focus on mathematical and visual reason-
ing skills. AI2D examines the comprehension of scien-
tific diagrams, and OCRBench evaluates textual informa-
tion extraction from documents. RealWorldQA targets spa-
tial reasoning in real-world scenarios, whereas Hallusion-
Bench gauges susceptibility to language hallucinations and
visual illusions. For MathVista and MathVision, we adopt
the testmini set. To ensure fairness and reproducibility,
all evaluations are conducted using VLMEvalKit [12], an
open-source toolkit specifically designed for large vision-
language models. Beyond these benchmarks, we further
evaluate the RAG capabilities of the models with the Dyn-
VQA dataset proposed in OmniSearch [20]. Dyn-VQA
encompasses dynamic, multimodal, multi-hop reasoning
tasks, offering a comprehensive assessment of how effec-
tively models plan retrieval strategies and integrate relevant
information.
Main Results. Table 3 presents experimental results on
multiple benchmarks that evaluate the performance of var-
ious multimodal large models trained on MMAT-1M using
ORR and RR. The findings demonstrate that both methods
effectively enhance model performance across different pa-
rameter scales.

Training with our ORR on MMAT-1M improves the av-
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Model APl  RAG ‘ Average MMStar MMMU MathVista MathVision AI2D OCRBench RealWorldQA  HallusionBench Dyn-VQA
Baseline x X ‘ 579 62.4 53.1 65.1 20.1 84.1 819 69.4 49.8 35.2
Baseline-RR v X 59.8 65.0 56.2 64.2 20.4 84.1 839 74.3 55.0 354
Baseline-RR x v 57.3 60.1 52.6 61.1 21.0 81.8 797 67.8 48.0 434
Baseline-RR (w/o SFT) v v 55.0 60.6 49.8 60.9 15.1 82.8 825 68.9 432 31.5
Baseline-R v v 60.2 65.0 54.5 63.9 20.5 84.6 826 72.7 54.8 429
Baseline-ORR v X 59.6 64.8 55.4 63.8 20.8 83.5 849 73.0 53.3 36.6
Baseline-RR v v 61.3 65.3 57.3 64.8 21.7 84.2 839 74.4 55.8 44.0

Table 5. Ablation study evaluating the impact of SFT, API integration, structured reflection, and RAG-based retrieval on multimodal
reasoning performance. Results highlight the complementary benefits of fine-tuning, explicit rationale generation, and external knowledge

integration in enhancing multimodal reasoning performance.

erage score of InternVL2.5-8B from 60.7 to 62.4 compared
to the baseline, while our RR strategy further boosts it to
63.4. Notably, RR consistently outperforms the baseline
and achieves competitive results against GPT-40. Specifi-
cally, InternVL2.5-8B with RR surpasses GPT-40 on MM-
Star (65.3 vs. 65.1) and MathVista (64.8 vs. 60.0), demon-
strating superior multimodal reasoning and mathematical-
visual understanding. It also outperforms GPT-40 on OCR-
Bench (839 vs. 806), reflecting stronger textual information
extraction. Additionally, it performs on par with GPT-40 on
AI2D (84.2 vs. 84.9) and HallusionBench (55.8 vs. 56.2),
indicating robust comprehension of scientific diagrams and
resilience to multimodal hallucinations.

Compared with baseline models such as InternVL2.5-
8B, MiniCPM-V-2.6, and Llama-3.2-11B-Vision-Instruct,
our ORR and RR particularly RR, have demonstrated gener-
ally similar optimization effects across various test sets. Our
RR on MiniCPM-V?2.6 achieves a gain in average from 58.0
to 59.9, a 3.3% relative increase, while on Llama-3.2-11B-
Vision-Instruct achieves a gain from 52.2 to 55.3, a relative
improvement of 5.9%. This indicates that our methods have
broad applicability across different model series. Similarly,
our ORR and RR consistently deliver strong performance
across the InternVL2.5 series, including the 2B, 4B, and
8B parameter variants, demonstrating robust scalability and
wide-ranging applicability of our methodology.

In OCRBench, InternVL2.5-2B’s ORR strategy outper-
forms the baseline (804 to 819), while RR drops to 799,
a trend also seen in InternVL2.5-4B and 8B. The reason
for this phenomenon is that, although RR exhibits specific
error-correction capabilities, the OCR misrecognition neg-
atively impacts the final results. In contrast, ORR utilizes
image captioning to mitigate OCR errors, demonstrating su-
perior performance in OCRBench.

The comprehensive results confirm that training on
MMAT-1M with our ORR and RR leads to significant
improvements, particularly with RR, in tasks requiring
comprehensive reasoning, mathematical computation, and
cross-modal information fusion. This establishes MMAT-
IM as a valuable benchmark for advancing the reasoning
capabilities of vision-language models.
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Results on RAG Benchmark.  The evaluation results
of Dyn-VQA [20] are shown in Table 4, based on the lat-
est version. Query refers to the input content used by the
model for information retrieval, while Golden Query de-
notes an optimized prompt focused on the final retrieval step
to maximize answer accuracy. To align with Dyn-VQA, we
adopt the same evaluation metric, F1-Recall, which mea-
sures the overlap between the model-generated response
and the ground truth. Results demonstrate that our ORR
and RR consistently enhance multi-hop reasoning and re-
trieval performance. Specifically, the RR improves Llama-
3.2-11B-Vision-Instruct by 29.3% relative to its original
performance (from 29.4 to 38.0) in Query and by 30.3%
relative to its original performance (from 34.6 to 45.1) in
Golden Query, while MiniCPM-V-2.6 shows improvements
of 9.8% and 13.3%, respectively. The InternVL2.5 se-
ries models similarly benefit, with relative gains ranging
from 31.9% to 60.1%, underscoring the effectiveness of our
methods across complex, knowledge-intensive tasks.

Comparison of Performance and Inference Time in InternVL2.5 Models

—i- Baseline
—4- ORR

@ RR
InternVL2.5-28
InternVL2.5-4B
InternVL2.5-88

o
3]

Average Score of 8 Benchmarks
S 8 3

o
£

2B

5 6
Inference Time (s)

Figure 3. Comparison of inference efficiency and performance
gains of ORR and RR across different InternVL2.5 model scales.

4.3. Further Analysis

Ablation Study. Table 5 presents an ablation study on the
effects of SFT, API integration, structured reflection, and
RAG on multimodal reasoning performance. The base-
line model, without external resources, achieves an aver-
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Figure 4. The zero-shot capability of invoking a celebrity recognition operator of InternVL2.5-8B-RR.

age score of 57.9. In the RR setting, Baseline-RR achieves
the highest score of 61.3 with both API and RAG. Remov-
ing API reduces performance to 57.3, while removing RAG
lowers it to 59.8. Without SFT, performance declines fur-
ther to 55.0. Additionally, Baseline-R, which retains ratio-
nale but omits reflection, scores 60.2, suggesting that re-
flection enhances reasoning ability. In the ORR setting,
performance declines to 59.6, primarily because the ORR
format does not incorporate RAG information, resulting in
a performance drop on the Dyn-VQA benchmark. On other
benchmarks, however, its performance remains comparable
to that of the RR format. These results confirm that SFT is
crucial for instruction adherence, while structured reflection
and external knowledge integration further improve multi-
modal reasoning.

Performance Efficiency Tradeoff between ORR and RR.
Figure 3 compares the inference efficiency and performance
gains of the ORR and RR methods across different In-
ternVL2.5 model scales. Although both ORR and RR con-
sistently enhance multimodal reasoning performance, their
inference times notably increase relative to the baseline.
ORR introduces a moderate inference overhead due to its
one-turn structured reasoning approach, while RR, involv-
ing multi-turn adaptive reasoning steps, incurs a slightly
higher computational cost. However, RR achieves greater
performance improvements compared to ORR, demonstrat-
ing a beneficial tradeoff between computational efficiency
and reasoning accuracy.

4.4. Qualitative Results

While the experiments, as mentioned above, have demon-
strated the benefits of invoking external tools for the model,
the capabilities of a fixed set of tools are inherently limited.
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For instance, MMAT-1M’s lack of a celebrity recognition
operator hinders the fine-tuned model from achieving cor-
rect results in cases requiring celebrity identification. To
address this, we conduct an experiment to verify whether
the fine-tuned model can invoke operators it has not been
explicitly trained on. As shown in Figure 4 , we test a
visual question with the InternVL2.5-8B model. Initially,
the baseline model provides an incorrect answer. As antici-
pated, the model fine-tuned on MMAT-1M, failing to recog-
nize the person, also returns a wrong answer due to unsuc-
cessful web search results. To address this limitation, we in-
struct the fine-tuned model to invoke a celebrity recognition
operator, which successfully identifies the correct answer.
This experiment demonstrates that the model fine-tuned on
our dataset exhibits a certain level of zero-shot capability
for invoking unseen tools. However, its performance re-
mains inferior to that achieved through explicit fine-tuning.

5. Conclusion

The introduction of MMAT-1M represents a significant ad-
vancement in multimodal agent tuning, offering a diverse
and flexible dataset for enhancing CoT reasoning and tool
usage in MLLMs. By addressing key limitations of exist-
ing multimodal agent tuning datasets, such as homogene-
ity, lack of reflection, and inflexible tool usage, it provides
a comprehensive solution that aligns with the demands of
real-world applications. While the dataset demonstrates ro-
bust performance on current multimodal benchmarks, fur-
ther research is essential to evaluate its adaptability to a
broader array of MLLMs and more intricate real-world sce-
narios.
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