
1. Introduction
Supervised fine-tuning(SFT) is widely used to adapt large 
multimodal models to complex reasoning tasks, yet the 
belief that “more data is better” often ignores the harm 
caused by noisy or inconsistent samples. This work 
challenges that assumption by showing that refining SFT 
datasets produces greater performance gains than merely 
scaling them. 
We study structured SFT for multimodal reasoning 
models, where reasoning steps are represented through 
tags such as <think>, <search>, <bbox>, and 
<search_complete>. This design yields interpretable 
reasoning traces and allows precise analysis of data 
quality. Through systematic filtering and quantitative 
evaluation, we demonstrate that dataset refinement 
substantially improves learning stability, reliability, and 
reasoning coherence.
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2. Related Work
Retrieval-Augmented Generation
Retrieval-Augmented Generation(RAG) integrates retrieval 
and generation to support knowledge-intensive 
reasoning[1]. Beyond traditional text-based pipelines, 
recent work explores multimodal retrieval using OCR-free 
visual alignment, and agents that couple reasoning with 
visual perception for improved grounding[2]. Unlike 
end-to-end RAG models, our study isolates the multimodal 
search agent to examine how SFT dataset refinement 
influences its reasoning and retrieval performance. 

Supervised Fine-Tuning
Supervised Fine-Tuning(SFT) adapts pre-trained models to 
task-specific objectives[3]. Although past research largely 
focused on scaling dataset size, studies such as LIMA[4] 
and SHED[5] show that high-quality, well-curated data can 
outperform large but noisy corpora. Motivated by this, we 
investigate how refining SFT trajectories, by removing 
inconsistent or low-quality reasoning steps, improves 
stability and retrieval accuracy in multimodal search 
agents.
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Abstract
  In this study, we investigate the impact of dataset refinement on the performance of supervised 
fine-tuning(SFT) for multimodal reasoning models. While previous research has emphasized scaling 
up dataset size, our experiments show that data quality plays a more crucial role than quantity. 
We construct 2500 multimodal SFT trajectories using a multi-expert sampling strategy and refine 
them to 1700 high-quality samples based on strict filtering criteria. Using Qwen2.5-VL-7B-Instruct 
as the base model, we compare SFT models trained on both noisy and refined datasets across 
three benchmarks: SlideVQA, ViDoSeek, and MMLongBench. The refined 1300-sample model 
outperforms the unrefined 2500-sample model by 13.89% in overall accuracy, despite using fewer 
data. Furthermore, smaller subsets of 100-900 refined samples yield comparable results, indicating 
that small but clean datasets suffice for effective SFT. These findings highlight that dataset 
refinement, not expansion, is the key driver of reasoning performance in multimodal SFT.
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3. Method
3.1 SFT Prompt
In the supervised fine-tuning(SFT) stage, we employ a 
structured system prompt to explicitly guide the model‘s 
reasoning and retrieval behavior.
The system prompt is defined as follows:

This prompt enforces a structured reasoning-to-action 
pipeline. The model first generates an explicit chain of 
thought enclosed with <think> tags, then executes one of 
three possible actions, conducting a new search(<search>), 
identifying a visual region(<bbox>), or completing the 
search process(<search_complete>). After the reasoning 
process concludes with <search_complete>, a post-search 
generation step produces the final textual answer based 
on the retrieved visual evidence. By constraining the 
reasoning process with explicit tags, the prompt guides 
the model to follow a clear and goal directed reasoning 
path instead of unstructured generation. This design not 
only improves consistency and control in multi-turn 
reasoning but also enhances the interpretability of the 
model‘s decision-making process.

3.2 Dataset Construction
The initial 2500 SFT trajectories were generated using a 
multi-expert sampling strategy. Large-scale models guide 
the reasoning process and tool selections within a 
trajectory, while smaller expert models annotate 
coordinates under the guidance of large-scale models. 
This approach enhances trajectory diversity and reasoning 
richness but inevitably introduces noise, such as incorrect 
<search> queries, redundant <bbox> calls, and incomplete 
search terminations.

3.3 Dataset Refinement
From the initial 2500 trajectories, we refined and retained 
1700 high-quality SFT samples by applying a set of 
carefully designed filtering criteria aimed at improving 
reasoning consistency and alignment with real evaluation 
settings. 

First, we performed reference page validation to ensure 
that each <search> action successfully retrieved the 
reference page containing the ground-truth answer. By 
removing trajectories that failed to retrieve the reference 
page, we ensured that the SFT model learned meaningful 
retrieval behavior rather than memorizing incomplete or 
spurious completions. 
Second, we applied controlled <bbox> usage filtering, 
discarding trajectories that exhibited redundant or 
arbitrary cropping actions. Excessive <bbox> generation 
often led to incorrect or premature termination of the 
search process, thereby distorting the intended reasoning 
sequence. 
Third, we imposed a multi-turn depth constraint by 
excluding trajectories exceeding five reasoning turns. This 
decision aligns with the inference configuration of the 
multimodal search agent(MAX_TURNS = 5), ensuring that 
the model’s learning behavior reflects the same structural 
constraints as during evaluation.
These refinements yield a dataset where each trajectory 
represents a clear, goal-oriented reasoning path, closely 
aligned with real evaluation settings.

3.4 Experimental Setup
We evaluated seven model configurations in total, 
including one non-trained baseline and six SFT-trained 
variants of the Qwen2.5-VL-7B-Instruct model.

Training Dataset
We constructed 2500 SFT trajectories using the SlideVQA 
dataset as the base source.
Evaluation Dataset
Model performance was evaluated on three benchmarks: 
SlideVQA[6], ViDoSeek[7], and MMLongBench[8], each 
containing 300 samples.
Evaluation Metric
We adopted answer accuracy as the evaluation metric, 
assessed using the LLM-as-a-Judge framework, which 
measures the semantic equivalence between generated 
and reference answers.

3.5 Results
The model trained on 1300 refined samples achieved 



13.89% higher accuracy than the one trained on 2500 
unrefined samples.

4. Analysis
4.1 Data Refinement over Data Expansion
The most striking observation is that the unrefined 
2500-sample model performs worse than the baseline. 
This demonstrates that noisy or inconsistent trajectories 
can degrade model reasoning, even when data size 
increases. In contrast, the refined 1300-sample model 
achieves 9.34% higher overall accuracy than the baseline, 
showing that data filtering amplifies effective learning 
signals and improves reasoning alignment. 
4.2 Diminishing Returns of Data Quantity
Among models trained with refined subsets(100-1300), 
performance differences remain marginal. This suggests 
that once the data distribution is clean and representative, 
a small dataset suffices to capture trajectory structures 
and reasoning formats. In other words, quality saturation 
occurs: beyond a certain threshold, additional data 
contributes little to performance.
This observation further implies that if additional filtering 
mechanisms are introduced to improve dataset precision, 

even smaller SFT datasets could yield greater 
performance gains. Future studies could investigate 
several enhanced refinement strategies, such as 
difficulty-aware filtering based on problem complexity 
estimation and crop-accuracy filtering that evaluates the 
precision of visual region selection. These approaches aim 
to push the boundary of data efficiency in SFT, enabling 
higher reasoning performance with minimal data while 
maintaining strong generalization. 

5. Conclusion
This study shows that dataset quality matters more than 
dataset size in improving the SFT performance of 
multimodal search agents. Controlled experiments reveal 
that 1700 refined samples surpass 2500 unrefined ones, 
and even 100-500 refined samples achieve competitive 
accuracy. These results underscore the importance of 
clean, consistent reasoning trajectories. Future work will 
explore extending this principle to reinforcement learning, 
leveraging the refined SFT policy for quality-driven 
curriculum optimization.
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