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Motivation
Multi-modal Large Language Models (MLLMs) excel at broad visual understanding but still struggle with fine-
grained perception, where decisive evidence is small and easily overwhelmed by global context. Recent “Thinking-
with-Images” methods alleviate this by iteratively zooming in and out regions of interest during inference, but incur 
high latency due to repeated tool calls and visual re-encoding. 



Method
To address this, we propose Region-to-Image Distillation, which transforms zooming from an inference-time 
tool into a training-time primitive, thereby internalizing the benefits of agentic zooming into a single forward 
pass of an MLLM. In particular, we first zoom in to micro-cropped regions to let strong teacher models generate 
high-quality VQA data, and then distill this region-grounded supervision back to the full image. After training on 
such data, the smaller student model improves “single-glance” fine-grained perception without tool use. 



ZoomBench



Main Experiments
Our ZwZ models achieve substantial performance gains 
across all evaluated fine-grained perception benchmarks, 
along with general multi-modal cognition improvements on 
many benchmarks such as visual reasoning, AIGC detection 
and GUI agents. 



Further Experiments

In ZoomBench, we evaluate each instance under two conditions: 
Global-View (full image) and Regional-View (micro-crop). The 
zooming gap is defined as the performance difference between 
the two. It measures how often a model fails to attend to solvable 
fine-grained evidence under realistic global inputs, capturing the 
perception bottleneck rather than recognition ability.

ZwZ attains higher accuracy with 
substantially lower inference cost 
(around 10× faster inference speed) 
than agentic and tool-use baselines.



Ablation Study

We ablate three grounding strategies (including our final chosen strategy):
(a) R2I + no-bbox: Directly distilling the crop-based VQA pairs to the full image without any spatial guidance.
(b) R2I + bbox-in-question: Providing the target bounding box coordinates as text (e.g., [x1, y2, x2, y2]) within 
the prompt. 
(c) R2I + bbox-in-image (ours): Overlaying the bounding box directly onto the image.



Attention Map Analysis

Question: What is the shape of the blue sign on the pole? A. circle B. 
square C. inverted triangle D. rectangle     Answer: C



Rethinking “Thinking with Images”

TwI is most valuable when the action produces unpredictable information gain. 



Rethinking “Thinking with Images”

Our framework can be extended to distill many other information-neutral actions.



Future Works

A promising direction is to develop a unified and dynamic agent policy for 
token effiency. Based on our analysis, this agent can (i) default to single-pass 
inference with enhanced perceptual skills, (ii) decide when and how to invoke 
tools, and (iii) prioritize information-gain TwI actions, while using information-
neutral operations only sparingly. This would combine the efficiency of our 
method with the open-world capability of agentic TwI.
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