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Supplementary Material

8. Training Dynamics Analysis

In this section, we visualize and analyze evolution of several
key metrics during the first and second stages of training.

8.1. Stage-1

To analyze the model’s behavior during the first stage of
training, we present the evolution of four key metrics for
both the BaseLine and our Stage-I Model with Info Gap in
Figure 5. These metrics are: the total reward, the number
of tool calls (Tool Call Num), the Intersection over Union
(IoU) of predicted crop regions with ground truth, and the
overlap ratio (Overlap), which measures the proportion of
ground-truth region covered by the model’s predicted crops.
Reward. As shown in the ‘Reward’ plots, the BaseLine
model (Figure 5 (a)) exhibits a faster initial increase in re-
ward. We attribute this to uncompressed images in its train-
ing set, which present a simpler learning task. Critically,
both models eventually converge to a similar reward level.
This demonstrates that the introduction of the information
gap compels Stage-I to achieve a comparable performance
level on more challenging (compressed) data, demonstrat-
ing the model’s effective utilization of the crop.

Tool Calls. The ‘Tool Call Num’ for both models increases
rapidly and then stabilizes. Notably, the Stage-I Model
(Figure 5 (b)) converges to a higher number of tool calls.
We hypothesize this is because the compressed input image
necessitates more exploratory crops to gather sufficient in-
formation to answer the question. This behavior confirms
that the Stage-I Model learns to actively utilize the tool to
attend to relevant image regions.

IoU. The ‘ToU’ metric, which evaluates the precision of the
cropped regions, shows no significant improvement for ei-
ther model throughout the training process. This suggests
that without an explicit grounding reward, the model is not
incentivized to refine the precision of its crops. The consis-
tently higher IoU of the BaseLine is likely due to the un-
compressed images making box prediction an easier task.
Overlap. The ‘Overlap’ reveals a distinct difference be-
tween the training progress of BaseLine and Stage-I. The
BaseLine’s overlap remains relatively stable without a clear
upward trend. In contrast, the Stage-I's overlap shows a
significant increase before plateauing. This indicates that
while image compression initially makes it difficult for
the model to identify question-relevant regions, the model
learns a stronger region identification capability, driven by
the accuracy reward, to correctly answer the question.

8.2. Stage-1I

The Figure 6 illustrates the evolution of four key metrics
during the second training stage, with and without the use
of the grounding reward. These metrics are: IoU, overlap,
the ratio of the predicted crop box area to the image area
(Bbox Ratio), and the visual token number of the predicted
cropped region (Token Num).

IoU. Comparing the IoU evolution in Figures 6 (a) and (b),
we observe a distinct upward trend in (b) during Stage 2
training. This indicates that the introduction of the ground-
ing reward enables the model to localize key regions with
greater precision.

Bbox Ratio and Token Num. Comparison for the Bbox
Ratio reveals that this metric remains largely constant in
(a), whereas it decreases significantly in (b), leading to a
subsequent reduction in the Token Num. This demonstrates
that the grounding reward encourages smaller crop regions,
thereby improving the model’s inference efficiency.
Overlap. As shown in (b), the Overlap metric exhibits a
moderate increase. This suggests that the model is not in-
discriminately shrinking the crop area; rather, it is learning
to prune redundant, non-critical parts of the region. Con-
sequently, the resulting crop contains less distracting infor-
mation, making it more conducive for the model to answer
questions based on the visual content.

Setting HR-Bench 8K HR-Bench4K V*

prediction 41.7 47.0 55.6

GT 50.0 53.0 60.3
(a) GT Test.

Setting HR-Bench 8K  HR-Bench4K  V*

prediction 100.0 100.0 100.0

RandNoise 100.0 80.8 100.0

(b) Noise test.

Table 7. Results for more rigorous preliminary analysis.

9. More Preliminary Analysis

To more rigorously demonstrate DeepEyes’s insufficient at-
tention to cropped regions, we also conducted the following
experiments. All experiments in this section are conducted
with the maximum number of visual tokens set to 1,024.
GT test. We isolate samples from benchmarks where re-
gions predicted by DeepEyes poorly cover GT (Overlap <
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(a) Traing progress of BaseLine

(b) Traing progress with Info Gap

Figure 5. Training progress of BaseLine and Stage-I model.

loU Bbox Ratio loU Bbox Ratio
0.3 0.0 0. 0.070
028 0.065 028 0.065
N ,,,/»—\/—J\/ —
0.060 0.060 \
026 026 T \\
0.055 > 0.055 I

0.24 — 0.24 //

/\/ ~ 0.050 // 0.050
0.22f 0.045 0227 0.045
0205525 50 75 100 125 150 %060 25 50 75 100 125 150 0205525 50 75 100 125 150 0G5 25 50 75 100 125 150
o Overlap Token Num . Overlap w Token Num
095 750 095 750
0.90 700 ’/k*_/\,A\,/A;\/\\/ 0.90 700 ,/\
0.85 650 0.85 650 \
0.80 k/\/v_\/\/ 600 0.80 600 N\
075 550 075 W 550
070 500 0.70 500 —

™~
065 450 0.65 450
0.60 0 40
0.0 25 5.0 7.5 10.0 12.5 15.0 0.0 2.5 5.0 7.5 10.0 125 15.0 0.0 25 5.0 7.5 10.0 12,5 15.0 0.0 25 5.0 7.5 10.0 12,5 15.0

(a) Training progress without grounding reward

(b) Traing progress with grounding reward

Figure 6. Training progress of Stage-II.

0.2). As shown in Table 7a, Replacing the regions of these
samples with GT only yields returns within 10% (signifi-
cant growth be expected if model attend to these regions).
This provides a more rigorous proof that DeepEyes cannot
fully utilize cropped regions.

Noise test. We select samples where DeepEyes fails when
forced to answer directly (without cropping pattern) but
succeeds with cropping. As whon in Table 7b, when re-
placing the cropped region with noise, the model still an-
swers most of these samples correctly. This demonstrates
that the performance gain is attributed to the cropping pat-
tern (structural cues) rather than the enhanced visual infor-
mation within the crops.

10. More Ablation Studies

Data Utilization Strategy. As shown in the Table 8, we
compare two data usage strategies. The first strategy, ‘Mix
Data’, involves training the model in a single stage by mix-
ing our collected data with the Visual Probe data at a 1:1
ratio. The second strategy, which we term ‘Stage-1I’, is the
two-stage approach adopted. In the first stage, the model is
trained exclusively on our collected data. Subsequently, in
the second stage, we train the model with a small amount
of Visual Probe data, incorporating a grounding reward.
The results demonstrate that our proposed two-stage strat-
egy achieves superior performance.

Resolution Selection Strategy. To demonstrate the effec-
tiveness of our resolution selection strategy in the first stage,
we design two simple baselines, ‘Hard’ and ‘Random’, and



Model HR-Bench 8k

HR-Bench 4k Vv

FSP FCP Overall FSP FCP Overall Attr Spatial Overall

Mix Data 77.5 59.0 68.3
Stage-II.  83.3 60.8 72.1

85.0 61.0 73.0 826 737 79.1
86.8 63.7 753 82,6 71.6 80.6

Table 8. Comparison between different data utilization strategies. Mix Data: Using the mixture of our collected data and Visual Probe data
to train the model in a single stage. Stage-II: First, train the model on our collected data, and then train it with a minimal amount of Visual

Probe data with grounding reward.

Model HR-Bench 8k HR-Bench 4k V Star
Hard 60.5 63.2 71.1
Random 59.0 64.0 72.4
Answer 62.0 63.5 75.0

Table 9. Comparison of accuracy between different resolution se-
lection strategies in the multi-region case.

Design FSP FCP Acc

Acc IoU Acc IoU
IoU Reward 81.8 39.3 63.5 474 727

-IoU Thresh 79.0 29.3 64.2 39.0 71.6
-IoU Reward 79.0 30.6 63.7 37.7 71.2

Table 10. Comparison between different reward designs in Stage-
IT on HR-Bench 8k.

compare them against our method on the multi-target subset
(FCP / Spatial) of the dataset. This subset is chosen because
it is more challenging than the single-target subset (FSP /
Attr), and thus better highlights the efficacy of the informa-
tion difference mechanism in our first stage. In the ‘Hard’
baseline, we consistently select the most heavily downsam-
pled image (where max(h,w) = 224). In the ‘Random’
baseline, we randomly select one image from the pool of
all images generated by downsampling the original image
at various scales. As shown in the Table 9, our method out-
performs both of these simple baselines.

Reward Design in Stage-II. We compare different reward
designs in Stage-II on the HR-Bench 8k. As shown in the
Table 10, the first row presents our design where an IoU re-
ward is employed during the second-stage training (without
the L, reward). In the second row, we remove the condition
that the IoU reward is only applied when the overlap ex-
ceeds a certain threshold. The experimental results demon-
strate that retaining the conditional IoU reward (i.e., apply-
ing it only when the overlap is above the threshold) leads
to higher IoU and accuracy. This suggests that this condi-
tion effectively guides the model to perform more precise

cropping. Furthermore, the models trained with an IoU re-
ward consistently outperform those without it in terms of
accuracy and IoU. This indicates that the performance gain
from the Stage-II training is primarily attributed to the IoU
reward itself, rather than simply the introduction of addi-
tional training data.

11. Benchmarks and Metrics Details

Our method is evaluated on three benchmarks. The first,
HR-Bench 8K with an average resolution of 7680, which
consists of two sub-tasks: Fine-grained Single-instance Per-
ception (FSP) and Fine-grained Cross-instance Perception
(FCP). The 8K images are cropped around the objects in
question to produce HR-Bench 4K. The third, V*, with
an average resolution of 2246x1582, features sub-tasks in
attribute recognition (Attr) and spatial reasoning (Spatial).
We evaluate our model on three datasets: hr-8k, hr-4k, and
vstar. For all three benchmarks, the evaluation metric is ac-
curacy (Acc), defined as the number of questions answered
correctly. Additionally, to assess the cropping precision of
our model, we also employ the Intersection over Union
(IoU). This is calculated as the IoU between the model’s
predicted cropping box and the GT box of the question-
relevant region.

Method Time (A100-hours)
DeepEyes 480.0
Stage-1 320.0
Ours Stage-II 96.0
Offline Res. Selection 2.5
Total 418.5

Table 11. Comparison of Training Time.

12. Training Details

We show the related hyper-parameters we use in Table 12.
We also compare our training time with that of DeepEyes
as shown in Table 1 1. Our total training time is shorter than
that of DeepEyes. This is because we reduce the number



Parameter Value
train batch size 256
rollout num per sample 16
ppo mini batch size 32
ppo micro batch size per gpu 2
rollout log prob micro batch size per gpu 4
ref log prob micro batch size per gpu 4
single response max tokens 2048
max turns 5
kl loss coef 0.0
entropy coeff 0.0
nodes num 1
gpus num per node 8
learning rate in Stage-I le-6
learning rate in Stage-II Se-7
overlap threshold (7) 0.9
acc reward weight (74¢.) 0.8
format reward weight (7 format) 0.2
tool call weight (7401) 1.2

Table 12. The hyperparameters we used in the training pipeline.

of input visual tokens in the first stage by compressing the
original images, accelerating the model rollout process.

13. Visualization Analysis

In Figure 7, we visually analyze the inference processes of
DeepEyes and Stage-I. In the first example, while both mod-
els correctly crop the flag, DeepEyes provides an incorrect
answer, whereas Stage-I arrives at the correct one. In the
second example, both models initially fail to crop the jack’s
sleeve. However, DeepEyes proceeds to answer the ques-
tion even with the jack’s sleeve absent from the cropped
region. In contrast, Stage-I identifies the absence of the
jack’s sleeve in the initial crop, performs a second cropping
action, and ultimately succeeds in locating it and answer-
ing the question correctly. In Figure 8, we visualize and
analyze the inference processes of the Stage-I and Stage-II
models. In the first crop, both models fail to capture the tar-
get car and subsequently enlarge their cropping regions in
the second attempt. However, the Stage-I model’s second
crop includes excessive redundant areas, causing it to fail
again in identifying the car. In contrast, the Stage-II model
accurately crops the entire road area, leading to a correct
answer.

14. Limitations and Future Works

In this work, we first identify a critical issue in existing
agent-based workflows for complex image understanding:
the sub-optimal tool invocation that stems from a rigid for-
malization of the cropping tool. We address this by propos-

ing an information gap mechanism. Building upon this,
we further enhance model’s cropping precision and, con-
sequently, its overall performance by manually annotating a
small set of bboxes and introducing a grounding reward.

However, the performance gain from the second stage of
training is relatively limited, which we attribute to the small
number of annotated bboxes. This suggests that leveraging
synthetic data [8, 10], could address the data scarcity prob-
lem in high-resolution VQA. For instance, a large-scale,
high-resolution VQA dataset with bbox annotations could
be synthesized by cropping objects from general-purpose
VQA datasets like GQA [1] (which are low-resolution but
rich in annotations including bbox) and pasting them onto
high-resolution backgrounds.

Furthermore, current methods only contains cropping
tool, whose effectiveness is constrained by the inherent
grounding ability of the MLLM and the fact that cropped re-
gions contain background distractors. For future, a promis-
ing direction is to integrate segmentation models—such as
open vocabulary semantic segmentation [3, 9, 11], referring
expression segmentation [2, 6], or in-context segmentation
[4, 5, 7] —as callable tools for the agent.



‘What is the color of the flag flying on
the top of the boat?
A. Black, yellow and green
B. Blue, white and red
C. Yellow, blue and red
D. Green, white and red
[
~
vg The flag on the top of the boat appears to be black, yellow, and green. I can see...
Grounding: {"bbox_2d": [588, 214, 635, 258], "label": "flag"}
The flag on the top of the boat is indeed black, yellow, and green. The image...
Answer: A. Black, yellow and green. J
[ ]
. . [ ]
‘What is the text written above the logo
on the jacket's sleeve?
A. epig MIX
B. epog MIX
C. epoc MIX
D. epio MIX
-
'2 The text ... The logo appears to be a stylized text that reads "epoc MIX". N
Grounding: {"bbox_2d": [568, 268, 610, 300], "label": "logo on the jacket's
sleeve''}
The zoom-in tool confirmed that the text above the logo on the jacket's sleeve is
indeed "epoc MIX".
Answer: C. epoc MIX.
& J

(a) Reasoning example for DeepEyes.

-

‘What is the color of the flag flying on
the top of the boat?

A. Black, yellow and green

B. Blue, white and red

C. Yellow, blue and red

D. Green, white and red

Grounding: {"bbox_2d": [610, 224, 636, 258]], "label": "the flag flying on the
top of the boat"}

The flag flying on the top of the boat appears to be Yellow, blue and red. This can ...
Answer: C. Yellow, blue and red.

J

-

‘What is the text written above the logo
on the jacket's sleeve?

A. epig MIX

B. epog MIX

C. epoc MIX

D. epio MIX

Grounding: {"bbox_2d": [541, 252, 615, 325]], "label": "the text above the I
logo on the jacket's sleeve'}

The text above the logo on the jacket's sleeve is not visible in the original image. I
need to zoom in on the area to see the text more clearly. Grounding: {""bbox_2d":
[410, 105, 678, 414]], ""label": "the text above the logo on the jacket's sleeve"}

x

The text above the logo on the jacket's sleeve is "epio MIX".
Answer: D. epio MIX.

(b) Reasoning example for Stage-I.

Figure 7. Comparison between DeepEyes and Stage-1.



What's the color of the car? ‘What's the color of the car?
A. Red A. Red
B. Black B. Black
C. Green ’ " C. Green
D. Yellow o 2 % D. Yellow
. d i#f’.“? -

\
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The car is not visible in the image. I need to zoom in on a specific area to see the car The man wearing a yellow shirt is carrying a backpack. To determine the color, I need
more clearly. Grounding: {"bbox_2d": [200, 382, 850, 460], "label": "the car'} to zoom in on the region where the backpack is located. Grounding: {""bbox_2d":
[100, 391, 555, 465], "label": "the car"}

The color of the car is not visible in the image. However, based on the options
provided, the most likely color is black.

Answer: B. Black.

The color of the car is red.
Answer: A. Red.

(a) Reasoning example for Stage-I. (b) Reasoning example for Stage-II.

Figure 8. Comparison between Stage-1 and Stage-II.
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