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Abstract

While visual data augmentation remains a cornerstone for
training robust vision models, it has received limited at-
tention in visual language models (VLMs), which predom-
inantly rely on large-scale real data acquisition or syn-
thetic diversity. Consequently, they may struggle with ba-
sic perception tasks that conventional models handle reli-
ably. Given the substantial cost of pre-training and fine-
tuning VLMs, continue training on augmented data yields
limited and diminishing returns. In this paper, we present
Visual Augmentation Chain-of-Thought (VACoT), a frame-
work that dynamically invokes image augmentations dur-
ing model inference. By incorporating post-hoc transfor-
mations such as denoising, VACoT substantially improves
robustness on challenging and out-of-distribution inputs,
especially in OCR-related adversarial scenarios. Distinct
from prior approaches limited to local cropping, VACoT in-
tegrates a structured collection of general visual augmen-
tations, broadening the query image views while reducing
training complexity and computational overhead with effi-
cient agentic reinforcement learning. We propose a condi-
tional reward scheme that encourages necessary augmen-
tation while penalizing verbose responses, ensuring concise
and effective reasoning in perception tasks. We demonstrate
the superiority of VACoT with extensive experiments on 13
perception benchmarks and further introduce AdvOCR to
highlight the generalization benefits of post-hoc visual aug-
mentations in adversarial scenarios.

1. Introduction

With scaling laws empirically validated on Large Language
Models (LLMs), Visual Language Models (VLMs) have
also achieved breakthroughs in image perception [6, 58],
reasoning [1, 51], and generation [7, 10] tasks. While
VLMs outperform traditional deep models on tasks such as
key information extraction [55] and security auditing [21],
they are highly vulnerable to adversarial samples. Fig. 1
shows that slight perturbations can mislead VLM percep-
tion results, enabling harmful content to evade system de-
tection. Hence, ensuring adversarial robustness of VLMs

Identify the hidden text content in 
the picture.

The hidden text in the image appears to 
read:  “I miss you so much”     

<think> 
I need to identify hidden text content in the image. The initial image appears to 
have significant noise, making it impossible to identify the text content. The text 
region is heavily corrupted by noise particles. Let me use crop to extract the noisy 
region where the text might be located.
<code>
image_path = crop(image_path, x1=250, y1=250, x2=750, y2=750)
</code>
<output>

</output>
Image cropped to region (250,250)-(750,750). Text-like patterns detected but still 
obscured by noise. The content is still unclear after cropping. Let me apply denoise 
to the extracted region.
<code>
image_path = denoise(image_path, method="gaussian", kernel_size=21)
</code>
<output>

</output>
The text becomes very clear after denoising. Through a systematic approach of 
first cropping the noisy region and then applying denoising, the hidden text content 
is successfully revealed. The processed image clearly shows the Chinese text "浏
览器搜" (browser search) on the first line and "3.com" on the second line.
</think>
<answer> 浏览器搜 3.com </answer>                                           

text grounding

Gaussian Blur

Figure 1. VACoT inference example. We address adversarial text
recognition through iterative post-hoc visual augmentations.

remains an open and challenging problem.
Previous models rely on extensive visual data augmenta-

tions [12, 26, 60] to improve perception robustness. How-
ever, such augmentation introduces limited additional mul-
timodal knowledge while substantially increasing computa-
tional costs during Pre-Training (PT) and Supervised Fine-
Tuning (SFT). Hence, existing VLMs prioritizes large-scale
real-world data or diverse domain-specific synthetic data,
instead of more augmented visual questions. Recent stud-
ies [45, 48, 62, 67, 69] have explored the thinking with
bounding boxes paradigm, which employs local cropping
to focus model attention on specific regions. However, this
strategy constitutes merely a specific instance of visual in-
formation filtering. More broadly, we advocate for think-
ing with augmentation, reformulating cropping and other
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visual augmentations as post-hoc processing steps. This
enhances model perceptual robustness while avoiding the
training overhead caused by redundant image augmenta-
tions. As illustrated in Fig. 1, we propose Visual Augmenta-
tion CoT (VACoT) based on chat history concatenation. It
stops autoregressive generation at designated tokens to ei-
ther produce visual augmentations or terminate responses.
By re-integrating returned information or augmented im-
ages into the conversation, we adopt end-to-end optimiza-
tion via agentic Reinforcement Learning (RL). We wrap
all augmentations into lightweight API calls to reduce the
training difficulty and avoid uncontrollable actions.

Existing instruction-based agents struggle to compre-
hend when and what to apply visual augmentations based
solely on textual descriptions. Hence, VACoT adopts a
three-stage training pipeline to overcome it. Stage 1: We
employ knowledge SFT with a difficulty-based data filter-
ing strategy to efficiently enhance the model’s foundational
capabilities. Stage 2: We employ format SFT for visual aug-
mentation cold-start initialization. Generating reliable tra-
jectory data for post-hoc augmentation requires substantial
manual effort and cost. Hence, we prompt the teacher mod-
els to deliberately insert random API calls when rewriting
answers. This stage focuses on learning the correct calling
format, even if these calls are not semantically relevant to
the current query. Stage 3: We perform end-to-end agentic
reinforcement learning with carefully designed reward sig-
nals, enabling the model to adaptively determine when and
which augmentations to apply. We employ Qwen3 [59] as a
teacher model to provide reward signals for verifying both
answer correctness and formatting consistency. We penalize
unnecessarily long reasoning traces that contribute limited
performance gains. To this end, we incorporate the consis-
tency reward [66] to assess the reasoning process, and fur-
ther introduce a novel conditional API-call reward that pro-
motes effective visual augmentation while preventing se-
quence explosion caused by indiscriminate trials.

Extensive evaluations on 13 public benchmarks demon-
strate that our post-hoc visual augmentation significantly
enhances perceptual capabilities, particularly on tasks re-
quiring fine-grained recognition or robustness against ad-
versarial text. We further introduce AdvOCR, a challeng-
ing benchmark comprising 100 adversarial samples for per-
ception evaluation. Although it focuses solely on percep-
tion tasks, the benchmark is particularly challenging be-
cause of the adversarially modified images. Our VACoT
could respond directly to clear queries and leverage itera-
tive augmentations on adversarial samples to achieve high-
confidence answers. In summary, our key contributions are:
a) We propose VACoT that integrates post-hoc visual aug-

mentations into agentic workflows, significantly en-
hancing VLM robustness against adversarial inputs.

b) We devise an efficient three-stage training pipeline to

learn adaptive visual augmentation strategies without
prohibitive manual annotation.

c) We design a conditional API-call reward to effectively
promote necessary augmentations while penalizing re-
dundant actions in reinforcement learning.

d) We present a challenging benchmark called AdvOCR to
rigorously evaluate the perceptual robustness of VLMs
with fine-grained or adversarial images.

2. Related Works

Vision Language Models. Research has advanced from
sophisticated projectors like Q-Formers [2, 18] for modal-
ity alignment to more streamlined designs utilizing linear
projectors coupled with instruction tuning [23, 57]. For
model ecosystems, proprietary models like the GPT [1] and
Claude [38] series represent the state-of-the-art in perfor-
mance. Meanwhile, the open-source community has been
significantly advanced by series such as LLaMA [43, 44]
and its derivatives (e.g., LLaVA [23, 24]), with recent series
like QwenVL [3, 4, 46] and InternVL [5, 8, 63, 70] pushing
the performance frontier. The DeepSeek [22, 54] and Mis-
tral [13] series have further contributed by exploring scal-
able architectures like mixture of experts.

Visual Reasoning. CoT [50] and its variants [32, 68] en-
hance reasoning by decomposing complex problems into
sequential steps. This paradigm has been significantly ad-
vanced by models like GPT-o1 [1] and DeepSeek-R1 [11],
which employ reinforcement learning to bolster reasoning
capabilities. Performance has also been improved by en-
abling longer output sequences directly [31, 33, 37, 51].
Subsequent efforts have explored multimodal CoT, where
the reasoning structure is dynamically refined across multi-
ple generation turns by incorporating region cropping [68]
or external knowledge [17] to bolster interaction with visual
tokens. Recent work [45, 52, 62, 67, 69] focuses on end-
to-end training for tool invocation, aiming to equip models
with autonomous multimodal reasoning. Nevertheless, ex-
isting methods are still confined to local region positioning
for addressing fine-grained recognition.

Perception Benchmarks. Existing perception benchmarks
primarily focus on chart understanding [27, 28, 49, 56] and
document recognition tasks [14, 25, 29, 30, 36]. However,
state-of-the-art models have largely saturated these bench-
marks, achieving performance exceeding 90%. While re-
cent benchmarks [9, 34] have increasingly emphasized rea-
soning complexity, the perceptual aspect of textual content
in images remains relatively basic. In contrast, AdvOCR is
derived from real-world failures and is designed to assess
robust text perception in adversarial scenarios.
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Architecture

<think> 
</think> 

<answer>
</answer> text token visual token <output>

</output>
<code>
</code>

① ② ③ ④ ⑤ ⑥ ⑦ ⑧ ⑨

Image Size: 1024 * 1024

Question:
What meaningful Chinese 
characters are hidden in 

the picture?

Language Base Model

Vision Encoder & 
Projector API Code Executor

image_path = resize(image=image_path, width=80, height=80)

··· ··· ··· ···

Image Size: 
80*80

<think> </think><code> </code><output> </output> <answer> </answer>
thinking process API content thinking process final answervisual tokens

stop AR 
here 

① warp API

② format check 

③ execute④ re-encode tmp image

⑤ get visual token

⑥ concat new token as history

start AR 
here 

start AR 
here 

stop AR 
here 

Figure 2. The overall architecture of VACoT. We leverage stop-words to achieve iterative post-hoc visual augmentation, providing more
diverse image perspectives and higher-quality visual interactions compared to cropping-only agentic models.

3. Method
3.1. VACoT

Notation. Let I0 be the query image and encoder E(·) out-
puts visual tokens vk = E(Ik) for the k-th state. Base LLM
L(·) generates token sequence y1:t up to t. Available visual
augmentation set is A and state k action is ak ∈ A ∪ {∅}.
Exec(I, a) applies a to I to return the transformed image or
error message e. Ht is the full context at step t, and κ is the
generate stop token set.
Visual Augmentation CoT. Fig. 2 shows the architecture of
VACoT, which is based on Qwen2.5VL-3B [4]. At reason-
ing step tk, the language model L(·) autoregressively gen-
erates tokens conditioned on the current context Ht−1:

P (yt | Ht−1) = L(yt | Ht−1). (1)

When the model emits token ykt in κ, the token sequence
is parsed into a candidate operation âk via a syntax parser
âk = parse(ytk−1 : ytk), where âk represents the span
of tokens enclosed by the <code></code> tag. The se-
lected operation is executed through the API code executor:

ek, Ik = Exec(Ik−1, ak). (2)

The augmented image Ik is re-encoded by the vision en-
coder E(·) to obtain new visual tokens:

hk =

{
vk = E(Ik), if Ik is available
ek, otherwise

(3)

The chat history is updated with new visual embedding
vk or execution error message ek as follows:

Ht = Ht−1 ⊕ <output>hk</output>, (4)

where ⊕ denotes message concatenation. This closed-loop
process enables iterative token generation, visual augmen-
tation, and feedback integration into subsequent steps.
Augmentation Design. We first implement several aug-
mentations as API calls (e.g., brightness, contrast,
saturation, sharpening, and thresholding).

However, manual evaluations reveal that these post-hoc op-
erations have a negligible impact on the model’s percep-
tual capability. Consequently, we refine the set to more
stable operations for A: crop, resize (↑/↓), rotate,
flip, denoise (filtering), and edge (edge detection).
API calls are only executed if the operation and its param-
eters match. Otherwise, the corresponding error message
is returned. The call success rate is ensured via supervised
fine-tuning, reward design, and rule-based re-checks, which
prevent token waste and uncontrolled code generation.

3.2. Agentic RL

Strategy. We employ the on-policy GRPO algorithm [35]
to guide baseline to effectively utilize visual augmentation
tools. The core improvement lies in handling the trajectory
token discrepancies introduced by multiple rounds of tool
invocations. The i-th complete generation trajectory of VA-
CoT is formulated as:

si = {(v0, sQi )⊕
⊕∑
k

(ski , a
k
i , h

k
i )⊕ sAi }, (5)

where s denotes the token sequence, with superscripts Q
and A representing the initial query and the final answer,
respectively. The operator

∑⊕ indicates the sequential con-
catenation of grouped elements. Accordingly, the token se-
quence used for loss computation is defined as:

τi = {sQi ⊕
⊕∑
k

(ski , a
k
i )⊕ sAi }. (6)

Given a generation policy πθ parameterized by θ and a
rollout set G, the optimization objective is:

J (θ) =
1∑G

i=1 |τi|

G∑
i=1

|τi|∑
j=1

σ(ri,j)−β ·DKL(πθ∥πref), (7)

where r is trajectory reward, σ(·) is intra-trajectory normal-
ization, and β controls the KL-divergence regularization.
Reward. For each trajectory si, we define 5 rewards with
reward model Qwen3-30B-A3B [59]: 1) Rvqa: We evaluate
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the correctness of the reasoning and final answer based on
the last 500 characters of si. Rvqa is continuous in [0, 1]. 2)
Rfmt: We use regex-based matching to detect <think> and
<answer> tags [11]. Rfmt is binary in 0 or 1. 3) Rcst: We
evaluates whether the reasoning process contains redundant
repetition and whether the final answer is logically consis-
tent with the reasoning. Rcst is continuous in [0, 1]. 4) Rapi:
We detect all API calls in si via regex and assess the validity
of the operation names and parameters. Rapi is binary in 0
or 1. 5) Rsuc: This reward is re-weighted by Rvqa, API calls
times k in si and maximum allowed times K, which is:

Rsuc =


0, if Rvqa < 0.5,

1, if Rvqa ≥ 0.5, k ≤ 2,

1− k − 2

K − 2
, if Rvqa ≥ 0.5, k ∈ (2,K],

0, if Rvqa ≥ 0.5, k > K.

(8)

This reward discourage excessively long reasoning or
frequent tool calls in perception-oriented tasks. The final
reward is weighted (R̂) as follows:

ri = R̂vqa + R̂fmt + R̂cst + R̂api + R̂suc, (9)

where the weights we adopt are [1, 0.25, 0.5, 0.25, 0.5].

3.3. Training.

Stage 1: Knowledge Enhancement. Given that the base-
line model has undergone extensive pre-training, we apply
a difficulty-based data filtering strategy to improve knowl-
edge SFT efficiency. First, we collect approximately 4M
high-quality open-source QA pairs [14, 19, 27, 29, 61]. As
illustrated in Fig. 3, we perform pass@4 inference with the
Qwen2.5-VL-3B model using vLLM [15] and high genera-
tive diversity. Qwen3-30B-A3B [59] evaluates each answer
to assign the difficulty score according to the number of er-
ror answer. We randomly select 10% of the difficulty level
0 samples while retaining all samples with difficulty levels
between 1 and 3. For samples rated at difficulty level 4,
we employ Qwen2.5-VL-72B [4] to verify the semantic va-
lidity of each QA pair and discard those deemed inherently
unanswerable. After filtering, we obtain a total of 411K
samples for knowledge-enhanced SFT.

Knowledge SFT
 data filter

difficulty = 
err / k

difficulty = 0 sample

difficulty > 2 Judge Model
Qwen2.5VL-72B

others keep

error drop

right keep

Inference Stage Judge Stage

Filter Stage

Base Model
Qwen2.5VL-3B

Open Source
SFT Data

Pass@k 
Inference

Judge Model
Qwen3-30B-A3B

Difficulty
Score

Figure 3. Illustration of pass@k data filter. The difficulty score is
aligned with the number of correct answers for pass@k inference.

Stage 2: API Format. We rewrite model responses with
Qwen2.5-VL-72B by inserting API call instructions to
open-sourced data. As Fig. 4 shows, the flip and rotate
adopt OCR data [27, 29, 65] with pre-flipped/rotate im-
ages; the crop and resize (↑) are applied to fine-grained

recognition datasets [53, 67, 69]; and the resize (↓),
denoise, and edge are applied to AIGuard [64] and syn-
thetic hidden-text images [16]. Since collecting data that
perfectly aligns with specific augmentations is challenging,
we do not enforce strict consistency between augmentations
and answers. This stage primarily focuses on format rather
than whether the APIs are being invoked effectively.

rotate

flip

crop

resize

denoise

edge
Raw
QA

Raw
Image

Qwen2.5
VL-72B APIs Augmented 

Image
Rewrited

trajectory

Figure 4. Construction of visual augmentation trajectory data.

Stage 3: Agentic RL. This stage trains the model not only
to produce well-structured outputs but also to decide when
and which API to invoke. This constitutes the key dis-
tinction between our approach and conventional instruction-
following agents. We create a high-quality dataset of 66.4K
samples, all suitable for post-hoc visual augmentation with
high difficulty. The dataset spans four categories: fine-
grained [67, 69], AIGC-generated [64], adversarial (from
real-world), and OCR-hard samples (from stage 1).

4. AdvOCR

Motivation. Despite achieving near-saturated performance
on standard perception benchmarks, frontier VLMs remain
highly susceptible to carefully crafted adversarial images in
real-world scenarios (Fig. 5). Such adversarial samples can
easily mislead VLM-based systems into producing inappro-
priate or unsafe content. Hence, we introduce AdvOCR, a
benchmark designed to evaluate the robustness of VLMs in
perceiving adversarial textual content within images.

Construction. We collect the initial 1,241 images from
manually reviewed bad cases and classic examples from the
internet. We sequentially remove images that can be cor-
rectly recognized by both Qwen2.5-VL-72B [4] and GPT-
5 [1]. The remaining ∼200 images are then manually cate-
gorized, from which we select the most representative sam-
ples in each category. To ensure data safety and diversity,
we anonymize all sensitive information and synthesize ad-
ditional adversarial samples based on the observed patterns
to construct the final dataset.

Annotation. We design queries for all images following
four principles: 1) each question should involve the per-
ception of non-trivial visual elements; 2) the answer must
be factually grounded in the image, without requiring com-
plex reasoning; 3) each question should have a single, un-
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What does this combination of Chinese characters 
mean?

Artistic Chinese 
Characters

World 
Knowledge

Require

How many 吵 are there in the picture? What are the hidden words in the picture? What are the hidden words in the picture?

What is written in the center of the picture?

What are all four-character words in the picture?

Based on the content of the poster, what is the 
Overall performance of DECA?

There are a total of 16 rows and 11 columns of text in 
this picture. At which row and column does 曺 appear?

counting

Word Counting

denoise

Adversarial AIGC Text

resize 
down

Reading Order 

flip

Word Counting

counting

Fine-grained 

crop

Fine-grained 

crop

Output the text in the figure in the normal reading 
order.

Reading Order 

flip

Figure 5. Example visualizations of AdvOCR. It poses greater demands on fine-grained and adversarial perception capabilities.
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Figure 6. Image resolution distribution of AdvOCR.

ambiguous ground-truth answer; and 4) the question should
be adversarially constructed to induce incorrect or uncer-
tain responses from the GPT-5. This rigorous design pro-
cess yielded 100 high-quality questions targeting challeng-
ing aspects of VLM perception.

22%

6%
14% 32%

6%
12%

8%
Adversarial

Counting
Reading Order Fine-grained

AIGC
Artistic

Others
Real-world (50%) 24%

20%
20%

36%Adversarial
EN

Adversarial
CN

AIGC
EN

AIGC
CN

Synthetic (50%)

Figure 7. Question type distribution of AdvOCR.
Statistic. AdvOCR consists of 100 manually designed ad-
versarial OCR questions. Refer to Fig. 5 for representa-
tive examples. As shown in Fig. 6, the dataset exhibits a
broad resolution distribution. The real-world split contains
more high-resolution images for fine-grained visual recog-
nition. Fig. 7 illustrates the question type distribution across
7 OCR-oriented tasks for both English and Chinese.

5. Experiment
5.1. Settings

Training Details. Our VACoT-3B is based on Qwen2.5VL-
3B [4] with a 3-stage training pipeline. During the agen-
tic RL stage, we employ GRPO for 2 epochs across 64
NVIDIA H20 GPUs. We set the maximum context length
as 10,240 tokens and the completion length limit as 3,196
tokens to prevent excessive API calls. We use 4 rollout can-

didates for policy exploration, with sampling parameters of
temperature = 1.0, topp = 0.9, and topk = 50. The total com-
pute cost amounts to approximately 4,600 H20 GPU hours.
Refer to Appendix A for more training details.

Baselines. Given that our model is built upon Qwen2.5VL-
3B [4], the latter serves as the natural architectural base-
line for our comparisons. We select InternVL3-2B [70]
and OCRFlux-3B [39] for scale-comparable comparison.
We further evaluate larger models such as Qwen2.5-VL-
7B [4] and Thyme-7B [67]. Thyme employs executable
code generation for tool reasoning, providing an alternative
approach to our methodology. We reproduce Thyme-3B by
the open-source codebase and training data for direct com-
parison at similar parameter scales. For proposed AdvOCR,
we conduct extensive evaluation across local deploy-
ment models (Qwen2.5-VL-3B/7B/72B-Instruct [4] and
Qwen3-VL-4B/8B-Instruct [59]) and proprietary API mod-
els, including GPT-4/4.1/4.1-mini/5/5-mini/o3 [1], Claude-
Sonnet-4[38], Gemini-2.5-pro[6], Hunyuan-Turbos/Large-
vision [42], Qwen3-VL-plus-250923 [41] and Doubao-
Seed-1.6-vision-250815 [40].

Benchmarks. We conduct evaluations across three cat-
egories of perception benchmarks: 1) General OCR.
This category encompasses chart-oriented benchmarks in-
cluding AI2D [14], ChartQA [27], ChartQAPro [28],
and CharXivDQ [49], alongside document-oriented bench-
marks comprising TextVQA [36], DocVQA [29], OCR-
Bench [25], and InfoVQA [30]. 2) Fine-grained Percep-
tion. We employ HC-Bench [20] for hidden text detec-
tion, HRBench [47] for high-resolution content understand-
ing, MME-Realworld [65] for real-world perception robust-
ness, and Vstar [53] for spatial relationship comprehension.
3) Proposed AdvOCR. This benchmark integrates diverse
challenging scenarios including text counting, hidden text
perception, fine-grained visual recognition, and adversar-
ial OCR samples. For evaluation consistency, we employ
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Table 1. Top-1 accuracy (%) performance on 8 general perception-oriented benchmarks.

Benchmark VACoT Qwen2.5VL [4] Thyme [67] InternVL3 [70] OCRFlux [39] Qwen2.5VL [4] Thyme [67]
3B 3B 3B 2B 3B 7B 7B

Chart-oriented
AI2D [14] 84.5 78.2 80.8 78.7 80.6 83.9 84.2

ChartQA [27] 85.7 84.0 80.4 80.2 83.2 87.3 86.1
ChartQAPro [28] 53.8 41.7 43.1 - 41.0 51.8 52.3
CharXivDQ [49] 63.5 56.2 57.4 54.7 55.0 60.4 62.3

Document-oriented
TextVQA [36] 85.3 79.1 76.8 77.0 79.6 84.9 84.4
DocVQA [29] 95.6 93.9 92.2 88.3 82.4 95.7 95.3

OCRBench [25] 87.7 82.4 84.2 83.5 82.4 86.4 86.3
InfoVQA [30] 82.1 77.1 79.8 66.1 80.4 82.6 82.3

Average 78.1 72.2 71.8 75.8 70.3 77.3 77.4

Table 2. Top-1 accuracy (%) performance on 5 fine-grained or adversarial benchmarks.

Benchmark Split VACoT Qwen2.5-VL [4] Thyme [67] InternVL3 [70] OCRFlux [39] Qwen2.5-VL [4] Thyme [67]
3B 3B 3B 2B 3B 7B 7B

HC-Bench [20]
Object 48.2 0.9 1.8 0.0 0.9 0.9 3.6
Text 74.1 4.5 1.8 5.4 3.6 3.6 0.9

Overall 61.2 2.7 1.8 2.7 2.2 2.2 2.2

HR-Bench [47]
4K 74.8 63.0 70.1 57.0 61.5 67.6 77.0
8K 70.6 59.5 65.4 48.9 60.9 60.4 72.0

Overall 72.7 61.3 67.8 52.9 61.2 64.0 74.5

MME-RealworldEN [65]
Perception 68.8 57.1 62.1 49.1 54.1 63.0 67.1
Reasoning 45.8 38.8 43.1 32.5 34.5 42.5 48.4

Overall 66.0 54.9 59.8 47.1 51.7 60.6 64.8

MME-RealworldCN [65]
Perception 71.9 60.2 62.4 44.9 45.7 64.4 70.5
Reasoning 52.7 42.0 46.4 36.6 29.7 42.5 52.1

Overall 65.7 54.7 57.2 42.2 40.6 57.3 64.6

Vstar [53]
Attribute 84.4 80.9 80.9 72.2 80.0 79.1 83.5
Spatial 80.3 63.2 75.0 71.1 63.2 75.0 80.3
Overall 82.7 73.8 78.5 71.7 73.3 77.5 82.2

Qwen3-30B-A3B-2507[59] as judge model for all bench-
marks, except for DocVQA and InfoVQA, which utilize of-
ficial online evaluation platforms to ensure comparisons.

5.2. Main Results

Comparison on OCR Benchmarks. As shown in Tab. 1, we
present comparisons with mainstream multimodal models
(Qwen2.5VL [4], Thyme [67], InternVL3 [70], and OCR-
Flux [39]) on perception benchmarks. VACoT achieves
a significant performance gain with an average score of
78.1% across eight benchmarks, marking a +5.9% improve-
ment over the baseline model (Qwen2.5VL-3B at 72.2%).
Notably, VACoT significantly outperforms not only mod-
els of similar scale but also larger ones like Qwen2.5VL-7B
(77.3%) and even competes with Thyme-7B (77.4%). The
improvements are especially pronounced on more challeng-
ing tasks: +12.1% on ChartQAPro (53.8% vs. Qwen2.5VL-
3B 41.7%), +7.3% on CharXiv (63.5% vs. 56.2%), and
+5.3% on OCRBench (87.7% vs. 82.4%). Combined
with the tool invocation frequency shown in Tab. 6, Tab. 1
demonstrates the effectiveness of the knowledge SFT stage.

Comparison on Fine-grained Benchmarks. Tab. 2 shows
comparisons on fine-grained visual benchmarks, which
demand exceptional visual perception. On HR-Bench,

VACoT-3B achieves 72.7%, significantly outperforming
similar scale models and even matching the larger Thyme-
7B. It attains 66.0% on MME-RealworldEN and 65.7%
on MME-RealworldCN, demonstrating robust, cross-lingual
real-world understanding. VACoT achieves 82.7% on Vs-
tar, a benchmark for attribute and spatial reasoning, nar-
rowly yet significantly exceeding Thyme-7B 82.2%. HC-
Bench requires models to identify hidden information in
AIGC images. VACoT achieves 48.2% on object and 74.1%
on text splits, dramatically outperforming all comparable
models. In summary, VACoT achieves an average perfor-
mance gain of over 10%, demonstrating the effectiveness of
the proposed post-hoc visual augmentation.

Comparison on AdvOCR. AdvOCR comprises real-world
and synthetic splits, designed to include challenging real-
scenario OCR samples and adversarially crafted examples
from observed failure patterns, respectively. Due to the
high difficulty, Tab. 3 employs the pass@5 metric (correct
if any of 5 attempts succeed). We use separate hyperpa-
rameter configurations: pass@1 (temp=0.1, topp=0.8) and
pass@5 (temp=0.7, topp=0.95). Most models show lim-
ited improvement from pass@1 to pass@5, revealing a per-
formance ceiling and constrained exploration space. Re-
fer to Appendix B for case study. Models generally per-
form slightly better on the real-world split than the syn-
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Table 3. Pass@k accuracy performance on proposed AdvOCR. All results are sorted according to pass@5 in the average split.

Model Real-world Synthetic Average

pass@1 pass@5 ∆ pass@1 pass@5 ∆ pass@1 pass@5 ∆

Proprietary Models
Claude-Sonnet-4 [38] 6% 10% +4% 0% 0% +0% 3% 5% +2%

GPT-4-turbo [1] 0% 6% +6% 10% 10% +0% 5% 8% +3%
GPT-5-mini [1] 10% 12% +2% 16% 20% +4% 13% 16% +3%

GPT-4.1-mini [1] 10% 18% +8% 10% 20% +10% 10% 19% +9%
Hunyuan-Turbos-vision [42] 16% 20% +4% 18% 18% +0% 17% 19% +2%

GPT-5 [1] 12% 16% +4% 22% 26% +4% 17% 21% +4%
Hunyuan-Large-vision [42] 18% 20% +2% 26% 26% +0% 22% 23% +1%

GPT-4.1 [1] 18% 20% +2% 26% 30% +4% 22% 25% +3%
GPT-o3 [1] 14% 22% +8% 16% 28% +12% 15% 25% +10%

Gemini-2.5-pro [6] 22% 38% +16% 8% 14% +6% 15% 26% +11%
Qwen3-VL-plus-2025-09-23 [59] 38% 46% +8% 10% 12% +2% 24% 29% +5%

Doubao-Seed-1.6-vision-250815 [40] 22% 42% +20% 12% 18% +6% 17% 30% +13%

Open-source Models
Thyme-3B [67] 18% 18% +0% 4% 6% +2% 11% 12% +1%

Qwen2.5-VL-72B-Instruct [4] 20% 20% +0% 10% 10% +0% 15% 15% +0%
Qwen2.5-VL-3B-Instruct [4] 20% 24% +4% 6% 6% +0% 13% 15% +2%

Thyme-7B [67] 20% 22% +2% 6% 8% +2% 13% 15% +2%
Qwen2.5-VL-7B-Instruct [4] 24% 30% +6% 4% 4% +0% 14% 17% +3%
Qwen3-VL-2B-Instruct [59] 22% 30% +8% 8% 10% +2% 15% 20% +5%
Qwen3-VL-4B-Instruct [59] 34% 40% +6% 8% 10% +2% 21% 25% +4%

VACoT-3B 62% 78% +16% 48% 56% +8% 55% 67% +12%

thetic split, because the latter’s adversarial patterns are more
challenging. SOTA proprietary models manage compound
Chinese characters and fine-grained recognition more effec-
tively in real-world scenarios. The Qwen and Doubao series
show remarkable performance due to Chinese-specific op-
timisation. VACoT-3B achieves significant gains: +21%
pass@1 over Qwen3-VL-plus (24%) and +37% pass@5
over Doubao-Seed-1.6-vision (30%), validating our proac-
tive augmentation strategy. Our model sustains significant
pass@5 gains by efficiently exploring multiple image aug-
mentations using minimal output tokens, thereby achieving
more robust image views.

5.3. Ablation Study

Train Strategies. Tab. 4 shows the ablation study of train-
ing stages (details in Sec. 3.3). Settings A and B demon-
strate that difficulty-aware data cleaning significantly boosts
baseline performance. Setting C shows that direct agentic
RL training is quite challenging, as the augmentations are
not frequently invoked. The comparison between settings
D and G indicates that the format SFT is essential for cold-
start initialization. RL training provides clear and consistent
gains on fine-grained benchmarks and AdvOCR.
Reward Design. In Sec.3.2, we introduce the API for-
mat reward Rapi and API success reward Rsuc for the accu-
rate and efficient identification of post-hoc augmentations.
Fig. 8 (left) shows that both rewards evolve steadily dur-
ing training. With format learning in Stage 2, Rapi quickly
converges to a steady value. In contrast, Rsuc would only
be awarded when the model both invokes valid API calls
and produces the correct answer, leading to a more grad-
ual increase throughout training. Therefore, it eventually

Table 4. Ablation study of different training strategies. General
refers to the average value in Tab. 1.

Index Stage1 Stage2 Stage3 General HC-Bench Vstar AdvOCR

A ✗ ✗ ✗ 72.2 2.7 73.8 13.0

B ✓ ✗ ✗ 76.3 3.6 76.4 18.0
C ✗ ✗ ✓ 74.1 18.8 74.1 15.0
D ✗ ✓ ✓ 74.0 26.3 75.8 31.0
E ✓ ✓ ✗ 76.6 8.9 75.4 21.0
F ✓ ✗ ✓ 77.4 25.5 78.5 22.0

G ✓ ✓ ✓ 78.1 61.2 82.7 55.0
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Figure 8. The EMA smooth curve of reward value and completion
mean length during the agentic RL training.

converges to approximately 0.3. Fig. 8 (right) shows that
vanilla training manner leads the model to exhaustively try
different augmentations, resulting in unnecessarily long re-
sponses that hinder perception efficiency. With proposed re-
wards, the response length converges to a reasonable range
after a brief initial increase, demonstrating the effectiveness
of our reward strategy.

5.4. Further Analysis

Comparison with Instruction-based Agent. We compare
with manual post-hoc visual augmentation via pre-defined
instructions. The model will be provided with tool descrip-
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tions and forced to perform post-hoc augmentation before
answering. We manually execute the first round of API
calls and query the model with the augmented images. As
shown in Tab. 5, this approach also consistently improves
baseline performance across various models, highlighting
the importance of post-hoc augmentation. However, the
performance remains limited because they fail to select the
most suitable augmentation efficiently. Conversely, when
we explicitly prohibit VACoT from using API calls in the
system prompt, performance drops significantly, confirm-
ing that the improvement stems from proper tool-based aug-
mentation rather than other factors.

Table 5. Comparison with instruction-based agentic strategy on
AdvOCR. Aug.: post-hoc visual augmentation.

Method Aug. Real-world ∆ Synthetic ∆ Average ∆

GPT-5-mini ✗ 10% - 16% - 13% -
✓ 26% +13% 20% +4% 23% +10%

Qwen2.5-VL-72B ✗ 20% - 10% - 15% -
✓ 32% +12% 18% +8% 25% +10%

Ours ✗ 28% -34% 16% -32% 22% -33%
✓ 62% - 48% - 55% -

Activate Frequency Statistics. Tab. 6 reports the frequency
of API calls in VACoT’s responses across multiple bench-
marks. On OCRBench and ChartQA, the model can provide
answers directly without invoking image transformations.
In contrast, benchmarks containing adversarial or challeng-
ing samples exhibit a significantly higher rate of tool usage.
Specifically, fine-grained recognition datasets trigger more
frequent use of crop and resize, while adversarial sam-
ples lead to increased use of resize and denoise. The
low failure rate demonstrates the effectiveness of our API-
format SFT and reward design. For queries that exceed the
maximum number of interaction attempts, the final response
is generated by appending the following history: OK, I
have to give the final answer directly.

Table 6. API call frequency (%) statistics. direct: no call is
made. fail: invalid call or exceeds attempt limit.

Benchmark OCRBench ChartQA HR-Bench HC-Bench AdvOCR

direct 67.3 42.4 16.7 13.8 13.0
fail 2.7 3.3 8.2 1.3 3.0

crop 15.3 44.5 72.2 12.3 14.0
resize 19.2 15.5 43.1 67.8 44.0
flip 3.3 1.8 6.8 12.5 12.0
rotate 8.8 9.2 0.4 2.4 7.0
denoise 9.2 4.4 4.2 14.7 38.0
edge 2.8 8.3 7.7 22.8 15.0

Visual Token Compression with Resize. Leveraging the
post-augmentation, we explore input visual token compres-
sion via resize(↑). We conduct ablation study by down-
sampling input images to evaluate if lower resolutions suf-
fice for certain queries. Images at the minimum resolution
of 28×28 are excluded from this process. Our resize(↑)
implementation is adapted such that if the target size is

smaller than the original resolution, the resize(↑) will be
based on the original image instead of interpolation on the
downsampled one. As shown in Tab. 7, even with a 50%
compression rate (equivalent to 75% reduction in visual to-
kens), performance drops by only ∼1% when resize(↑)
is allowed. This resilience is attributed to the post-hoc re-
sizing on ∼30% of uncertain cases, effectively recalling the
enlarged image to preserve accuracy.

Table 7. Performance comparison with vs. without resize (↑)
invocation on compressed-resolution images.

Benchmark OCRBench ChartQA

Compress rate 100% 75% 50% 100% 75% 50%
resize (↑) rate 1.1% 14.2% 33.5% 0.0% 8.4% 33.2%

w/i resize (↑) 87.7 87.1 86.4 85.7 85.4 84.5
w/o resize (↑) 87.7 86.4 82.1 85.7 84.3 81.2

5.5. Discussion

Comparisons with Crop-based Methods. Thinking-with-
crop paradigms localize regions before answering [45, 69].
However, cropping essentially represents a specific form of
visual information filtering. In contrast, we generalize it
to thinking with augmentations, where all augmentations
are treated as diverse information filters executed during
reasoning. Unlike code-based agents [67], we unify all
augmentations into lightweight and deterministic API calls,
making the outputs more controllable and enabling more
iterative exploration under limited context length. Our con-
ditional reward design discourages redundant transforma-
tions, improving both perceptual efficiency and robustness.
Inference Efficiency. Although VACoT introduces addi-
tional reasoning steps for post-hoc visual augmentations,
the inference overhead remains acceptable. Fig. 8 shows
that the conditional reward explicitly penalizes redundant
or low-impact augmentations, leading the model to invoke
augmentations only when necessary. The observations in
Appendix B further reveal that the augmentation always
begins by crop or resize (↓), which effectively limits
the visual token sequence length introduced by subsequent
multi-round augmentations.

6. Conclusion
We propose VACoT, a framework that enables dynamic in-
vocation of image augmentation during inference for visual
language models. Specifically, we unify a structured set
of general visual augmentation strategies and introduce a
conditional reward scheme to balance exploration and ef-
ficiency in RL training. We further contribute a challeng-
ing real-world OCR benchmark, AdvOCR, where VACoT
achieves strong performance while state-of-the-art models
fail without augmentation. Extensive experiments demon-
strate the superiority of our approach.
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