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Figure 1. Generative Visual Chain-of-Thought (GVCoT). A comparison of three reasoning paradigms: (a) Text CoT, which reasons
purely within the text space; (b) Visual CoT (with Tools), which leverages external tools to highlight target regions; and (c) Our GVCoT,
which performs native visual reasoning via a generative diffusion process within a unified space.

Abstract

Existing image editing methods struggle to perceive where
to edit, especially under complex scenes and nuanced spa-
tial instructions. To address this issue, we propose Gener-
ative Visual Chain-of-Thought (GVCoT), a unified frame-
work that performs native visual reasoning by first gen-
erating spatial cues to localize the target region and then
executing the edit. Unlike prior text-only CoT or tool-
dependent visual CoT paradigms, GVCoT jointly optimizes
visual tokens generated during the reasoning and editing
phases in an end-to-end manner. This way fosters the emer-
gence of innate spatial reasoning ability and enables more
effective utilization of visual-domain cues. The main chal-
lenge of training GCVoT lies in the scarcity of large-scale
editing data with precise edit region annotations; to this
end, we construct GVCoT-Edit-Instruct, a dataset of 1.8M
high-quality samples spanning 19 tasks. We adopt a pro-
gressive training strategy: supervised fine-tuning to build
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foundational localization ability in reasoning trace before
final editing, followed by reinforcement learning to further
improve reasoning and editing quality. Finally, we intro-
duce SREdit-Bench, a new benchmark designed to compre-
hensively stress-test models under sophisticated scenes and
fine-grained referring expressions. Experiments demon-
strate that GVCoT consistently outperforms state-of-the-art
models on SREdit-Bench and ImgEdit. We hope our GV-
CoT will inspire future research toward interpretable and
precise image editing.

1. Introduction

Recent advances in large-scale datasets and training have
enabled significant progress in instruction-guided image
editing, through both unified understanding-generation
models [9, 32, 49, 58] and diffusion-based approaches
[4, 28, 36, 51, 55]. However, these methods still struggle
to localize intended edit regions reliably under complex sce-
narios, such as tasks involving intricate spatial relations, im-
ages with multiple entities, and finely nuanced instructions.

Several studies [14, 50, 64] have shown that inference-
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time scaling, such as Chain-of-Thought (CoT) [54], im-
proves performance on complex tasks. Motivated by this,
GoT-R1 [10, 11] adopts such a strategy into image editing,
i.e., predicting target location coordinates within the tex-
tual CoT, as illustrated in Fig. 1 (a). However, it remains a
linguistic proxy and therefore does not fully leverage spa-
tial information within the visual domain. Cognitive sci-
ence suggests an alternative view: visual reasoning is an
inherently modality-specific capacity [29]. A skilled artist
“paints twice”, first imagining in the mind, then drawing on
the canvas. This raises a new question: Can integrating rea-
soning through visual intermediates improve image editing
more effectively than solely using textual reasoning results?

To investigate this question, we conduct a preliminary
study comparing two methods of providing spatial cues:
(1) bounding-box coordinates in text modality, and (2)
bounding-box masks in visual modality. As shown in
Fig. 2, visual modality cues yield superior instruction ad-
herence and better background preservation. These find-
ings establish that visual-level spatial cues are more effec-
tive than text-level cues for image editing. One straight-
forward approach to incorporate such cues is through an
agentic pipeline that integrates external visual aids (such as
cropping, zooming, or tool-generated masks) into reasoning
traces [31, 47, 68], as illustrated in Fig. 1 (b). However, this
paradigm is fundamentally limited by the expressiveness of
external tools. Since the reasoning remains text-driven, the
model cannot develop innate visual reasoning capabilities.

In this paper, we propose Generative Visual Chain-of-
Thought (GVCoT), a novel framework that enables a uni-
fied model to generate visual spatial cues as intermedi-
ate reasoning steps during image editing (see Fig. 1 (c)).
Specifically, the process begins by identifying the editing
region by drawing masks onto the input image, which cor-
responds to the visual thought, followed by the image edit-
ing step. The main advantage is that, by directly supervis-
ing the visual tokens generated during the reasoning process
with a diffusion loss [18, 45], GVCoT integrates reasoning
and editing into a unified end-to-end learning framework,
thereby facilitating a more stable and effective emergence
of intrinsic visual reasoning ability.

The key challenge in enabling GVCoT is the scarcity
of image editing datasets with accurate edit region annota-
tions. To overcome this, we develop a scalable multi-stage
pipeline that automatically generates high-quality bound-
ing boxes and segmentation masks for edited regions across
diverse editing tasks. We utilize this pipeline to construct
GVCoT-Edit-Instruct, a large-scale dataset containing 1.8
million high-quality training samples. In particular, we
adopt a progressive training recipe that combines super-
vised fine-tuning (SFT) and reinforcement learning (RL).
The first phase focuses on equipping the model with foun-
dational capabilities of drawing masks onto original images
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Figure 2. Comparing spatial cue representation for image edit-
ing on ImgEdit [61]. We study two ways of injecting spatial in-
formation: (1) text modality uses bounding box coordinates, and
(2) visual modality providing a binary mask. Providing spatial
information in the visual modality yields a greater improvement in
both instruction adherence and background preservation.

and producing structured visual reasoning chains before the
image editing process. The second phase boosts both inter-
mediate localization accuracy and final editing fidelity using
Group Relative Policy Optimization (GRPO) [35].

While existing benchmarks such as ImgEdit [61] and
GEdit-Bench [36] primarily focus on object-salient scenes,
they fall short in evaluating a model’s true spatial reason-
ing ability under complex editing scenarios. To address
this, we introduce SREdit-Bench, a new benchmark com-
prising 590 carefully curated samples covering (1) non-
object-salient and multiple entities scenes, and (2) fine-
grained referring expressions in instructions. We evaluate
16 representative editing models and observe considerable
performance gaps, highlighting the challenges of spatially
grounded reasoning in image editing. We hope SpaEdit-
Bench can serve as a new testbed for future research.

Our main contributions are summarized as follows:
• We introduce GVCoT, a new image editing paradigm that

integrates reasoning via visual intermediates, outperform-
ing state-of-the-art approaches.

• We develop a scalable curation pipeline and construct
GVCoT-Edit-Instruct, a large-scale dataset comprising
1.8M high-quality pairs with region annotations.

• We propose a unified end-to-end training recipe that
leverages progressive supervised fine-tuning and rein-
forcement learning with multi-dimensional rewards.

• We introduce SREdit-Bench, a new benchmark that as-
sesses models’ visual reasoning ability in image editing.
Experiments demonstrate the superiority of our method.

2. Related Work

Instruction-Guided Image Editing. Diffusion models
[18, 33, 45] have revolutionized visual content creation and
manipulation. Early training-free works [5, 17, 39] modify
content through latent inversion and attention-based con-
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Figure 3. Supervised Fine-Tuning of our GVCoT training recipe. Stage 1: Multi-Task Visual Manipulation, where the model’s genera-
tion expert is trained in a multi-task setup to inject the newly masking skill. Stage 2: Visual Reason-aided Editing, where the entire model
is trained to generate a faithful and interpretable visual reasoning image and then an edited image within a single sequence.

trols. Training-based approaches [4, 13, 28, 36, 52, 55,
59, 65] have shown strong capability by constructing high-
quality training pairs. To handle more complex and compo-
sitional editing tasks, several approaches [24, 26, 38] em-
ploy an agentic scheme, where an MLLM first plans the
instruction and then drives the diffusion process to execute
sub-tasks. Additionally, several benchmarks [23, 48, 60]
evaluate model performance on complex tasks. Comp-
Bench [23] features scenes that require sophisticated spatial
and contextual reasoning, and Complex-Edit [60] progres-
sively tests models by increasing instruction complexity.
Multimodal Reasoning. The multimodal large language
models [2, 6, 9, 22, 32, 46, 58] has unlocked powerful mul-
timodal reasoning capabilities. Prior works [15, 20] employ
text CoT to enhance visual perception [3], mathematical
reasoning [20], and visual generation [10, 11, 16]. Unlikely,
visual CoT integrates visual aids directly into the reason-
ing process. One approach uses external tools, e.g. draw-
ing auxiliary lines [19], zooming in [47, 68], style transfer
[34], and sub-region highlighting [12]. Another approach
explores intrinsic visual CoT, where models generate visual
thoughts natively [7, 8, 30, 31, 44]. Despite the promise,
this approach is largely unexplored in image editing. Con-
currently, MURE [69] employs native interleaved CoT for
image editing. However, it does not evaluate its spatial rea-
soning ability under complex tasks.

3. Method
3.1. GVCoT Formulation
Different from existing methods relying on textual inter-
mediate reasoning results, our proposed GVCoT first in-
fers an intermediate visual Chain-of-Thought (CoT) image

and subsequently generates the final edited result. Formally,
given an input image xsrc ∈ RH×W×3 and the editing in-
struction t, the goal is to generate: (1) a visual thought map
xcot ∈ RH×W×3 that explicitly highlights editing regions,
and (2) a final edited image xedit ∈ RH×W×3. The overall
process can be expressed as:

xcot = fθ(xsrc, t), xedit = fθ(xsrc, t,xcot), (1)

where fθ denotes the unified model.

3.2. GVCoT Training Recipe
We implement our GVCoT framework on Bagel [9], a uni-
fied model that has two distinct experts, an understanding
expert and a generation expert. To stably internalize and im-
prove the new visual reasoning skills without disrupting the
model’s original capability, we employ a two-phase train-
ing recipe: (1) Progressive Supervised Fine-tuning and (2)
Reinforcement-based Refining.
Progressive Supervised Fine Tuning. The first phase aims
to endow the model with the fundamental capability to gen-
erate an accurate and interpretable visual reasoning image
xcot before editing. We design a progressive strategy con-
taining two steps, as shown in Fig. 3.

Step 1: Multi-Task Visual Manipulation. This stage in-
jects explicit spatial localization capability into the genera-
tion expert. To prevent catastrophic forgetting of prior edit-
ing skills, we adopt a multi-task objective: (1) masking:
generating an image xcot (which draws masks on the xsrc)
based on source image xsrc and masking instruction tm;
(2) editing: predicting an edited image xedit conditioned
on xsrc and edit instruction T . All images provided in the
question are encoded into clean VAE and ViT tokens, serv-
ing as visual context. To preserve the model’s inherent rea-
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Figure 4. GVCoT-Edit-Instruct Data Pipeline. Left: We design a scalable multi-stage data pipeline to curate high-quality samples with
faithful editing region annotations, i.e., bounding boxes and masks. Right: The distribution of GVCoT-Edit-Instruct spanning 19 tasks.

soning abilities, we freeze the entire understanding expert
and only train the generation expert as follows:

λmL(x∗
cot, fθ(xsrc, tm)) + λeL(x∗

edit, fθ(xsrc, t)) (2)

where x∗
cot and x∗

edit indicates the ground-truth of visual
reasoning and edit image, L is the flow matching loss [33,
37], and λm and λe are weights of two tasks to balance
training dynamics.

Step 2: Visual Reason-aided Editing. This stage aims to
endow the model with reasoning-aware editing competence.
The model is required to generate an intermediate visual
reasoning image, and then the final edit step-by-step within
a single sequence. Thus, the loss is:

L(x∗
cot, fθ(ts,xsrc, t)) + L(x∗

edit, fθ(ts,xsrc, t,x
∗
cot))

(3)
where ts is a predefined system text prompt. Unlike the
first stage, all model components except the VAE encoder
are unfrozen and trained jointly. Please refer to our Supple-
mentary Material for more implementation details.
Reinforcement-based Refining. Then we aim to further re-
fine the model’s grounding accuracy and overall instruction
following through reinforcement learning, i.e., Flow-GRPO
[35]. However, jointly optimizing visual reasoning and fi-
nal editing quality in a unified multi-task framework makes
optimization unstable goal confusion. Thus, we adopt a
progressive strategy, optimizing each generation step sep-
arately with tailored rewards.

Step 1: Visual Reasoning with Verified Rewards. Low-
quality visual reasoning may deteriorate the final result.
We enhance the localization accuracy of the model’s vi-
sual thoughts using two verified rewards. (1) Format Re-
ward, which ensures the model follows a consistent reason-
ing–editing sequence rather than skipping or merging them.

We train a binary classifier to distinguish whether an out-
put image belongs to the visual thought stage or the editing
stage. (2) IoU Reward, which measures the IoU between
the ground-truth edit region mask and the predicted one. We
extract the predicted mask by computing the pixel-wise dif-
ference between xsrc and xcot.

Step 2: Editing with MLLM-as-a-Judge. Even when us-
ing teacher-forcing visual thought to guide edits, the final
results can still be inaccurate. To address this, we em-
ploy two rewards: (1) CoT-Edit Consistency Reward, which
encourages the model to faithfully translate the teacher-
forcing visual thought into accurate edits. (2) Image Quality
Reward, which improves visual realism. Both rewards are
quantified by MLLM-as-a-judge, leveraging the Qwen2.5-
VL-72B [2] to generate a score. More details on reward
designs are provided in the supplementary.

3.3. GVCoT-Edit-Instruct Data Pipeline
The major challenge is the lack of large-scale image editing
training data with corresponding editing region annotations.
Thus, we design a scalable data construction pipeline and
use it to create GVCoT-Edit-Instruct, comprising 1.8 mil-
lion high-quality samples (see Fig. 4). Each sample con-
sists of a quadruple: a source image, an edit instruction,
edit region annotations, and the target image. The pipeline
consists of three main steps, described below.
Edit Image Pair Creation. We begin by constructing the
source images, instructions, and edited images. We collect
5.6 million images with at least 1K resolution from public
datasets and websites, ensuring broad coverage of humans,
objects, and scenes. We define a comprehensive edit tax-
onomy that spans diverse, real-world editing intents. Since
our focus is on localized reasoning and editing, we exclude
global edits such as style transfer and viewpoint change.
Guided by this taxonomy, Qwen2.5-VL [2] produces con-
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Figure 5. Illustration of the SREdit-Bench. Left: We provide challenging scenarios featuring complex scenes and fine-grained referring
expressions. Right: (a) We quantify scene complexity by counting editable objects and regions. Results show that SpaEdit-Bench concen-
trates on more sophisticated scenes than ImgEdit [61] and GEdit-Bench [36]. (b) Referral type distribution. (c) Edit tasks distribution.

cise, natural user-style instructions, and FLUX.1 Kontext
[Dev] [28] synthesizes edited images. At last, an MLLM-
based verifier filters out low-quality samples by measuring
image naturalness and edit faithfulness.
Edit Region Mining. Then we mine the editing regions’
annotations. Previous attempts [22, 32] compute pixel dif-
ferences between source and target images to acquire a re-
gional mask. While this method is effective for rigid edits
(e.g., color shift), it fails for flexible edits such as object mo-
tion or structural changes. We instead propose a more ro-
bust localization strategy. Qwen2.5-VL [2] predicts bound-
ing box coordinates for the intended edit regions; multiple
candidates are generated via beam search to minimize hal-
lucinations. We filter out invalid boxes (e.g, out-of-bounds,
zero area, extreme aspect ratios) and perform IoU-based
clustering to remove outliers. The averaged coordinates of
the valid boxes are taken as the final results.
Edit Region Mask Generation. At last, we generate a
precise mask for each mined edit region. For object inser-
tion, we directly use a box mask since the object boundary
is unknown before editing. For modification and removal
tasks, we leverage segmentation experts, i.e., SAM2 [43]
and BiRefNet [67], to produce instance masks. Finally, a
post-process is applied to fill the interior hole, remove exte-
rior speckle, and smooth the boundaries.

3.4. SREdit-Bench
Existing benchmarks such as ImgEdit [61] and GEdit-
Bench [36] under-represent spatially complex editing sce-
narios, e.g., multiple similar editable entities, non-object-
salient scenes, and tasks that demand fine-grained object re-

ferral. Some prior works [23, 48, 60] consider multi-region
editing and complex scenes; however, they do not target
evaluating spatial reasoning ability and often rely on low-
resolution images (<1024×1024). To fill this gap, we intro-
duce SREdit-Bench, a new benchmark focused on editing
scenarios that require spatial reasoning.
Benchmark Construction. We curate a diverse set of high-
quality source images (>1024×1024) from the Internet (
e.g., Unsplash), and remove similar scenes to maximize di-
versity. To comprehensively evaluate models’ spatial rea-
soning in editing, we have two critical designs as shown in
Fig. 5. The first is sophisticated scenes, including multiple
entities and non-object-centric images. The second is fine-
grained target referral in instruction, including three modes:
(1) spatial: explicit location or relational cues; (2) property:
appearance or attribute-based descriptions; and (3) knowl-
edge: implicit, context-dependent cues that require back-
ground or commonsense knowledge.
Evaluation Protocol. We use GPT4.1 [40] as an auto-
mated judge for consistent, scalable evaluation. Following
VIEScore [27], we report three metrics: (1) SC (Seman-
tic Consistency) — how well the edited result follows the
instruction; (2) PQ (Perceptual Quality) — image natural-
ness and artifact presence; (3) O (Overall) — the geometric
mean of SC and PQ, averaged across all samples.

4. Experiments
4.1. Main Results
Comparison with general image editing methods. We
first compare our Bagel-GVCoT against 17 prominent gen-
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Table 1. Quantitative results on SREdit-Bench. SCg , PQg , and
Og indicate scores on Semantic Consistency, Perceptual Quality,
and Overall. The best and second-best results are highlighted in
bold and underlined, respectively.

Model SREdit-Bench ↑
SCg PQg Og

Product-level models

GPT Image 1 [High] [41] 9.02 8.42 8.56
FLUX.1 Kontext [Pro] 8.69 8.40 8.41
Qwen-Image [55] 8.57 8.43 8.32

Generation Only

Instruct-Pix2Pix [4] 2.10 6.40 2.58
MagicBrush [63] 2.99 5.91 3.42
ICEdit [65] 4.41 7.71 4.81
OmniGen [57] 7.05 7.38 6.68
FLUX.1 Kontext [Dev] [28] 7.52 8.17 7.27
Step1X-Edit [36] 6.96 7.87 6.98

Unified Understanding and Generation

GoT [11] 5.78 7.59 5.83
Bagel [9] 8.02 7.90 7.75
Bagel-think [9] 8.13 8.01 7.82
UniWorld-v1 [32] 5.92 8.47 6.02
OmniGen2 [56] 6.52 7.54 6.44
Ming-UniVision [22] 6.05 6.85 5.96

Bagel-GVCoT (Ours) 8.87 8.76 8.53
∆ Over Base Model +0.85 +0.86 +0.78

Table 2. Quantitative results in HumanEdit. Our Bagel-GVCoT
allowing native visual reasoning outperforms previous approaches
that rely on additional mask guidance.

Method CLIP-I↑ LPIPS↓ PSNR↑ SSIM↑
SmartEdit [21] 0.8841 0.2915 17.1728 0.6828
BrushNet [25] 0.8986 0.1830 19.2172 0.7877
MagicQuill [38] 0.9381 0.1162 22.2380 0.8981
MIND-Edit [53] 0.9310 0.1245 22.2714 0.8517

Bagel [9] 0.9124 0.1721 22.1843 0.8640
Bagel-GVCoT (Ours) 0.9451 0.1066 23.0161 0.8943
∆ Over Base Model +0.0327 -0.0655 +0.8341 +0.0303

eral image editing algorithms, including top-performing
product-level models FLUX.1 Kontext Pro [28], Qwen-
Image [55], GPT Image 1 [41], and powerful open-source
methods, including the pure generation models [4, 36, 55,
57, 62, 63, 65, 66] and unified models [6, 22, 32, 56].

Tab. 1 shows results on our SREdit-Bench. Bagel-
GVCoT achieves the highest overall performance under
challenging image-editing scenarios with multiple objects
and complex spatial relations. It attains an overall score of
8.53, surpassing the diffusion specialists Qwen-Image [55].
Moreover, our Bagel-GVCoT outperforms text-CoT-based
reasoning models, including GoT [11] and Bagel-think [9],
demonstrating the superiority of incorporating explicit vi-
sual reasoning into the editing process.
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Figure 6. Quantitative comparison of different visual reason-
ing paradigms on SREdit-Bench. The performance is measured
by Og . Under both visual cue forms, our method consistently sur-
passes the text CoT and Visual CoT with considerable margins.

We also evaluate Bagel-GVCoT across various sub-tasks
on ImgEdit [61]. As listed in Tab. 3, our method achieves
the best overall performance among open-source models,
second only to Qwen-Image [55]. Although the model at-
tains a relatively lower score (3.83) on the style transfer
task, this represents a reasonable trade-off—our framework
is specifically optimized for precise spatial reasoning and
localized editing rather than global stylistic manipulation.
We provide more results in the supplementary.
Comparison with mask-based image editing methods.
Since our method generates intermediate spatial cues to
guide the subsequent editing process, we also compare it
with mask-based editing models [21, 25, 38, 42, 53] that
rely on input masks as external spatial guidance. We follow
the evaluation setup of HumanEdit [1] in [53] for a fair com-
parison. Tab. 2 demonstrates that our Bagel-GVCoT out-
performs all mask-based counterparts. As the base model
Bagel [9] fails to surpass these methods, it further validates
the strength of our visual reasoning paradigm.

4.2. Ablation Studies
Comparison of Visual Reasoning Paradigms. We com-
pare two distinct visual reasoning paradigms: Visual CoT
(VCoT), which relies on external tools, and our Generative
Visual CoT (GVCoT), which produces reasoning cues in an
end-to-end generative manner. To comprehensively evalu-
ate, we design two forms of visual thought that reflect how
spatial reasoning is represented and applied during editing:
• Mask-Form: In VCoT, the model first predicts bounding

box coordinates and then employs SAM2 [43] to gener-
ate a segmentation mask, which is fused with the input
image. In contrast, GVCoT directly generates the mask
onto the image through a generative process.

• Zoom-In-Form: VCoT predicts the bounding box and
then crops the corresponding region from the input image,
whereas GVCoT generates a zoomed-in sub-image.

We include control group: Bagel*, (the base model directly
fine-tuned on our dataset), and Bagel with text CoT (Bagel*-
TCoT), which only generates textual coordinates for fair
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Table 3. Quantitative results on ImgEdit. We use GPT-4.1 to evaluate all metrics. “Overall” is calculated by averaging all scores across
tasks. The best and second-best results in open-sourced models are highlighted in bold and underlined, respectively.

Model Add Adjust Extract Replace Remove Background Style Hybrid Action Overall ↑
Product-level models

FLUX.1 Kontext [Pro] [28] 4.25 4.15 2.35 4.56 3.57 4.26 4.57 3.68 4.63 4.00
GPT Image 1 [High] [41] 4.61 4.33 2.90 4.35 3.66 4.57 4.93 3.96 4.89 4.20
Qwen-Image [55] 4.38 4.16 3.43 4.66 4.14 4.38 4.81 3.82 4.69 4.27

Generation Only

MagicBrush [63] 2.84 1.58 1.51 1.97 1.58 1.75 2.38 1.62 1.22 1.90
Instruct-Pix2Pix [4] 2.45 1.83 1.44 2.01 1.50 1.44 3.55 1.20 1.46 1.88
AnyEdit [62] 3.18 2.95 1.88 2.47 2.23 2.24 2.85 1.56 2.65 2.45
UltraEdit [66] 3.44 2.81 2.13 2.96 1.45 2.83 3.76 1.91 2.98 2.70
OmniGen [57] 3.47 3.04 1.71 2.94 2.43 3.21 4.19 2.24 3.38 2.96
ICEdit [65] 3.58 3.39 1.73 3.15 2.93 3.08 3.84 2.04 3.68 3.05
Step1X-Edit [36] 3.88 3.14 1.76 3.40 2.41 3.16 4.63 2.64 2.52 3.06
FLUX.1 Kontext [Dev] [28] 4.12 3.80 2.04 4.22 3.09 3.97 4.51 3.35 4.25 3.71

Unified Understanding and Generation

GoT [11] 3.74 3.06 1.33 2.72 2.46 2.33 3.45 1.77 2.50 2.65
Bagel [9] 3.56 3.31 1.70 3.3 2.62 3.24 4.49 2.38 4.17 3.20
Bagel-think [9] 3.65 3.53 2.03 3.60 3.03 3.45 4.43 2.59 4.22 3.39
UniWorld-V1 [32] 3.82 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74 3.26
OmniGen2 [56] 3.57 3.06 1.77 3.74 3.20 3.57 4.81 2.52 4.68 3.44
Ming-UniVision [22] 3.55 3.14 1.52 3.25 3.29 2.77 3.99 2.74 3.91 3.06
BLIP3o-NEXT [6] 4.00 3.78 2.39 4.05 2.61 4.30 4.64 2.67 4.13 3.62

Bagel-GVCoT (Ours) 4.02 4.07 2.92 4.23 3.74 4.16 3.83 2.82 4.48 3.82
∆ Over Base Model +0.46 +0.76 +1.22 +0.93 +1.12 +0.92 -0.66 +0.44 +0.31 +0.62

Table 4. Comparative results of GVCoT and Visual CoT using
SREdit-Bench. TF-thought denotes skipping the reasoning step
by using teacher-forcing visual thought.

Model IoU↑ SCg↑ PQg↑ Og↑
Bagel* – 6.21 6.09 5.71
TCoT – 6.54 6.22 5.97

M
as

k

VCoT 0.68 7.55 7.92 7.31
GVCoT 0.60 8.53 8.62 8.42
VCoT w/ TF-thought – 8.03 7.96 7.75
GVCoT w/ TF-thought – 8.79 8.95 8.72

Z
oo

m
-I

n VCoT – 7.05 7.14 6.82
GVCoT – 8.12 8.30 8.08
VCoT w/ TF-thought – 7.78 7.67 7.54
GVCoT w/ TF-thought – 8.39 8.58 8.33

comparison. The comparative results under two visual cue
forms are illustrated in Fig. 6, showing that Bagel*-GVCoT
consistently outperforms Bagel*-VCoT and Bagel*-TCoT
with considerable margins. Our GVCoT paradigm are more
effective than one rely on external tools.
In-depth Analysis of GVCoT and VCoT. To understand
why our GVCoT outperforms VCoT, we conduct an in-
depth analysis, as shown in Tab. 4. First, we measure
the localization accuracy of visual thoughts by computing
IoU with ground-truth masks. The two paradigms exhibit
similar localization ability (0.68 for VCoT vs. 0.66 for
GVCoT). Second, to isolate the impact of visual thought

Table 5. Ablation results on progressive SFT.

Step 1 Step 2 IoU↑ SCg↑ PQg↑ Og↑
✓ 0.64 7.92 8.01 7.75

✓ 0.61 8.21 8.33 8.10
✓ ✓ 0.66 8.53 8.62 8.42

accuracy to edit results, we utilize teacher-forcing visual
thoughts (denoted as TF-thought) for two paradigms. Re-
sults show GVCoT achieves a significantly higher Og score
(8.72) compared to VCoT (7.75). GVCoT demonstrates
stronger thought–edit consistency and the trend holds across
both Mask and Zoom-In cue forms. Given the similar IoU
but large performance gap in editing quality, the advantage
of GVCoT clearly lies not in localization precision, but in
how effectively it leverages spatial information.
Effectiveness of supervised fine-tuning designs. Tab. 5
shows the ablation results of our two-stage SFT. Step 1
primarily enhances localization capability, Step 2 improves
thought-editing consistency and editing quality. Combining
both stages leads to the best overall performance.
Effectiveness of reinforcement learning designs. In Tab.
6, we perform ablation studies on our progressive reinforce-
ment learning with multi-reward designs. Firstly, the incor-
poration of RL boosts performance (Og from 8.42 to 8.53)
and enhances spatial accuracy (IoU from 0.60 to 0.67). Sec-
ondly, the multi-stage setup is effective, as removing Stage
2 substantially degrades results. Thirdly, two rewards for
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Bagel Qwen-Image Step1X-Edit OmniGen2 Ours-ThoughtInput Image Instruction

Replace the 
red chili 
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Ours-Edit

Remove the 
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with the 
backpack.

Remove all 
crows, and 
add a eagle 
in the sky

Change the 
color of 
the pink 
car to blue.

Change the 
color of the 
yellow 
ottoman and
the one next 
to it to blue.

Figure 7. Qualitative comparison in SREdit-Bench. Our method demonstrates superior spatial reasoning and instruction adherence
compared to existing open-source models, especially when handling complex, multi-object editing tasks.

improving the localization accuracy of visual thought prove
vital, with their removal drops the IoU score, e.g., from 0.67
to 0.50 and 0.62, respectively. Finally, both the CoT-Edit
consistency reward and the Image quality reward contribute
positively to ensuring both fidelity and the faithful transla-
tion of the visual thought into the final edit.

5. Conclusion

We introduce the Generative Visual Chain-of-Thought (GV-
CoT) framework, designed to endow unified models with
intrinsic spatial reasoning capabilities for image editing.
Leveraging our curated large-scale dataset, GVCoT-Edit-
Instruct, which contains 1.8 million high-quality editing im-
ages with detailed region annotations, we adopt a two-phase
training recipe to develop Bagel-GVCoT. This enables the
model to accurately ground instructions and effectively han-
dle complex image editing scenarios, including sophisti-
cated scenes, intricate spatial relationships, and fine-grained
object referring. Results on our SREdit-Bench benchmark
demonstrate that Bagel-GVCoT achieves a 47.46% relative
improvement over the baseline. Crucially, we find that the
generative visual reasoning way can more effectively ex-

Table 6. Ablation studies on Reinforcement Learning (RL). We
analyze (1) multi-stage training strategy, (2) visual-thought reward
design, and (3) editing reward design.

Setting IoU↑ SCg↑ PQg↑ Og↑
SFT Only 0.60 8.53 8.62 8.42
SFT+RL 0.67 8.57 8.76 8.53

(1) Multi-stage RL training
w/o Stage 2 0.67 8.32 8.47 8.25

(2) Visual thought reward design
Full reward set 0.67 8.32 8.47 8.25

w/o IoU reward 0.50 8.32 8.39 8.13
w/o Format reward 0.62 8.13 8.24 8.19

(3) Editing reward design
Full reward set 0.67 8.57 8.76 8.53

w/o CoT-Edit consistency 0.67 8.49 8.63 8.45
w/o Image quality reward 0.67 8.45 8.75 8.49

ploit the spatial signals than the agentic one, which needs
external tools or models to produce them. We hope this
work will serve as a robust baseline for tackling complex
and challenging image editing tasks.
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