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Abstract. Existing methods for instruction-guided image editing are
usually confined to text-based CoT reasoning for semantic understand-
ing and reasoning, and lack of visual awareness necessary for fine-grained
synthesis. In this work, we propose CORE-V, a novel Visual CoT frame-
work to explicitly perform visually-interactive reasoning process for con-
trollable image editing. Specifically, CORE-V refines global semantics
into detailed entities and generates visual imagination images based on
attribute description in the instructions. These visual imagination im-
ages, together with spatial conditions of input images (i.e., segmentation
masks, depth maps and edge maps) are applied within the reasoning pro-
cess. To achieve visual reasoning training, we build the CORE-Edit-800K
dataset that contains both reference images and spatial controls aligned
with reasoning pipelines. Furthermore, we introduce CORE-Bench to as-
sess directional editing similarity. Comprehensive experiments on Emu-
Edit, Reason-Edit and CORE-Bench demonstrate superior performance
of CORE-V for visual-semantic alignment and structural integrity.

Keywords: Chain-of-Thought reasoning · Controllable image editing ·
Coarse-to-Fine benchmark

1 Introduction

Recent advancements in text-to-image synthesis have facilitated the research on
instruction-guided image editing. To interpret editing instructions with efficient
semantic extractors, text encoders are commonly coupled with powerful Diffusion
Transformer (DiT) variants such as Stable Diffusion [31, 34] and Flux [16] for
high-quality image synthesis. To provide spatial guidance, external conditioning
modules like T2I-Adapter [25] or ControlNet [43] are frequently integrated by
injecting latent control features into the denoising process.
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Fig. 1: Illustration of the textual and visual CoT dataset. Given the input image (left),
output image (right), and editing instruction, we formulate an explicit CoT reasoning
process. The green segments denote spatial control, including bounding boxes and the
corresponding weights of three spatial conditions (green-framed). The orange segments
represent the selected reference descriptions, where the reference image (orange-framed)
exemplifies the visual imagination of specific attributes and context.

As natural language prompts tailored for various editing tasks directly affect
the synthesis outcomes, such heavy reliance on textual instructions introduces
inherent instability. Subtle changes in texts may lead to divergent semantic inter-
pretations and disparate visual effects. Due to the absence of explicit interaction
between semantic logic and visual structures, existing frameworks usually suffer
from a loss of structural fidelity and unintended global distortions. This dis-
crepancy poses a significant challenge in bridging the gap between high-level
semantic intent and low-level pixel synthesis.

The rapid evolution of Multimodal Large Language Models (MLLMs) like
open-source Qwen-VL [1, 2] and closed-source GPT-4o [12] benefits current im-
age editing models from capturing complex semantics. Data-driven paradigm
is prominent to utilize MLLMs to curate large-scale datasets with refined cap-
tions and editing instructions [3,36,37,42,47], whereas architectural integration
emphasizes to adopt MLLMs as unified backbones to obtain latent representa-
tions [23, 24, 39]. Recent generation and editing models incorporate visual CoT
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architectures to construct reasoning pipelines for refining visual-semantic rela-
tionship, including reinforcement learning-based strategies for concurrent gener-
ation and assessment [5, 44] and construction of token-level correspondences by
interleaving specific visual tokens within semantic embeddings [14].

Nevertheless, existing methods for image editing are still restricted by the
imperfect alignment between visual and semantic modalities. From the architec-
tural perspective, there often lack of adaptive scheduling and interaction across
modalities. The common design of passively concatenating implicit semantics
with visual features fails to produce the spatially conditioned structures in com-
plex scenarios. Meanwhile, the underlying knowledge, from data curation to the
inference process, remains fundamentally rooted in textual logic. This depen-
dence precludes models from deriving effective representations of abstract visual
attributes through linguistic descriptions alone. Such text reliance may trigger
vision-agnostic hallucinations and affect fine-grained structural synthesis.

To bridge this gap, we introduce CORE-V, a visual CoT framework designed
to synchronize semantic reasoning with explicit visual interaction for controllable
image editing. Specifically, CORE-V reformulates complex editing instructions
into a five-stage reasoning trajectory: Description, Grounding, Imagination, Con-
trol, and Generation. As illustrated in Fig. 1, our pipeline extracts structured
intermediate representations by integrating global captions with detailed visual
conditions. Leveraging fine-tuned MLLMs, CORE-V deduces object and style
attributes such as color, shape, and texture to generate a consistent visual imag-
ination. Simultaneously, expert tools are incorporated to derive precise spatial
constraints, including position, lighting, and reflections. These components col-
lectively constitute a unified CoT framework with visual-semantic interaction
for high-fidelity image manipulation.

We curated a visual CoT dataset comprising 800K samples across six primary
editing categories with each annotated with both textual and visual intermediate
reasoning steps. To train the unified architecture, we propose a dual-stage op-
timization strategy employing a composite loss function to ensure the seamless
integration of visual constraints and semantic reasoning within the final edit-
ing results. Furthermore, to quantify the efficacy of visual reasoning in achieving
fine-grained editing, we introduce the first one-to-many image editing benchmark
CORE-Bench. This benchmark evaluates whether the editing directions conform
to intricate attributes, by quantifying the embedded feature difference of editing
outputs. Compared editing results are conducted from a single source image un-
der hierarchical coarse-to-fine instructions. Extensive experiments demonstrate
that our method achieves highly competitive performance on diverse evaluations.

The main contributions of this work are summarized as below.

– We propose CORE-V, a unified framework which schedules semantic rea-
soning with interleaved visual control and attribute imagination, thereby
achieving superior visual-semantic alignment for fine-grained image editing.

– We construct a comprehensive dataset CORE-Edit-800K that manipulates
both textual and visual structured CoT reasoning processes, developed through
a rigorous curated and filtered pipeline.
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– We establish CORE-Bench, a pioneering coarse-to-fine benchmark specif-
ically designed to assess fine-grained editing capabilities. Both quantita-
tive and qualitative evaluations across diverse benchmarks demonstrate that
CORE-V consistently surpasses existing image editing baselines.

2 Related Work

2.1 Image Editing Models

For precise visual manipulation, instruction-guided image editing methods uti-
lize fine-tuned diffusion models [8, 33] to decode fused latent embeddings from
both textual instructions and source images. Early works such as Instruct-
Pix2Pix [3], MagicBrush [42], and UltraEdit [47], typically leverage high-quality
editing instruction-image pairs synthesized by MLLMs via specialized generation
and filtering pipelines. These methods strive to bridge the gap between seman-
tic instructions and pixel-level synthesis, which requires extensive training on
massive and curated datasets.

Recent research has prioritized architectural innovation by optimizing both
diffusion modules and semantic encoders. On the one hand, diffusion backbones
have transitioned from U-Net based diffusion models [31], which are often con-
strained by local inductive biases, toward scalable DiT modules [27] with superior
text-to-image synthesis capabilities. As a leading foundation for image editing,
FLUX-based models [15, 16] utilize rectified flow transformers [6] to stream-
line the inference process, which mitigates semantic drift through continuous
flow matching trajectories [21]. On the other hand, MLLMs endowed with fine-
grained visual perception and semantic understanding abilities are increasingly
superseding traditional text encoders such as CLIP [28] and T5 [29]. Methods like
UniWorld-V1 [19] and Step1X-Edit [23] incorporate pretrained MLLMs includ-
ing LLaVA [22] and Qwen-VL [2] to extract multimodal latent conditions that
synchronize linguistic intent with visual context. While architectural advance-
ments have improved editing performance to some extent, achieving controllable
synthesis still necessitates training on high quality datasets.

Current methods rely on limited semantic alignment, condensing complex
edit instructions into static latent representations. Such implicit mapping fails to
disentangle specific visual cues, particularly structural preservation and attribute
manipulation. Significant challenges remain in modulating semantic conditions
and deriving detailed object or stylistic attributes through explicit pipelines,
ensuring controllable generation aligned with fine-grained edit instructions.

2.2 Visual CoT Reasoning

CoT reasoning process [13,38,46] guides MLLMs to decompose complex instruc-
tions into explicit intermediate reasoning steps, which significantly bolsters the
cross-modal alignment quality and procedural interpretability. Current visual
models primarily leverage CoT prompting to enhance text-centric knowledge rea-
soning capabilities. Image-CoT [44] develops potential assessment reward model
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to evaluate each step in autoregressive image generation. T2I-R1 [14] constructs
a semantic-level CoT grounded in textual reasoning, together with a token-level
CoT that generates pixel details in a patch-by-patch manner. Recently, Bagel [4]
incorporates the thinking mode of MLLMs to enable knowledge-based reasoning
for image generation and editing. However, existing visual CoT pipelines still
struggle to jointly ensure logical consistency of both semantic reasoning and
visual information. In most cases, the apparent reasoning capability is largely
inherited from training on textual CoT datasets, which primarily capture text-
centric knowledge. When applied to complex editing tasks, the semantic reason-
ing required by the generation modules should instead focus on visual informa-
tion representing the intermediate states during the editing operations, rather
than purely textual reasoning. GoT [5, 7] explicitly incorporates editing bound-
ing boxes into textual CoT and extracts the corresponding local visual features
for downstream generation and editing. We find this idea compelling, and sug-
gest that it can be extended by more fine-grained intermediate visual conditions,
tailored to the needs of different editing tasks.

Notably, current visual CoT methods still rely on training with textual rea-
soning datasets, and lack supervision from offline visual data to guide the in-
termediate process. Moreover, there is no dedicated one-to-many image editing
benchmark to evaluate editing fidelity with coarse-to-fine attributes. Such eval-
uation is essential for assessing whether improved reasoning capabilities truly
translate into better image editing quality.

3 Methods

In this section, we describe the detailed visual CoT training paradigm for im-
age editing. Sec 3.1 demonstrates the curated process of the CORE-Edit-800K
dataset. Based on the dataset, we propose CORE-V framework in Sec 3.2 to
achieve visual imagination reasoning capacity. Furthermore, we introduce CORE-
Bench in Sec 3.3, which assesses the execution of fine-grained editing and quan-
tifies structural consistency across diverse instructions.

3.1 CORE-Edit-800K Dataset

To achieve visual imagination process in image editing, we establish four phases
for the construction of CORE-Edit-800K Dataset: data collection, CoT anno-
tation workflow, visual condition generation and filtering criteria. The overall
annotation workflow is illustrated in Fig. 2 (left).

Data Collection. We collect the instruction-image pairs from the public
dataset GPT-Image-Edit-1.5M [36] which contains three sub-datasets OmniEdit
[37], HQ-Edit [11] and UltraEdit [47]. To ensure a structured reasoning process,
we categorize editing instructions into six primary editing operations as shown in
Fig. 2 (right): object addition, object removal, object replacement, background
replacement, attribute modification (e.g., texture, color, or facial expression),
and global transfer (e.g., style, weather, or environment changes).
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Fig. 2: Overview of the CORE-Edit-800K annotation workflow and dataset statistics.
(Left) Construction of five-step CoT reasoning using Qwen3-VL-8B with visual CoT
conditions (mask, depth, edge, and reference images) from expert tools. (Right) The
dataset distributions categorized by local object, local attribute, and global levels.

CoT Annotation Workflow. We first localize the source and target entities
via bounding box scaled to with [0,1000], guided by the editing instruction and
source image. Subsequently, we generate detailed source and target descriptions
with entity attributes to ensure semantic consistency. A reference description is
then distilled from ground truth attributes isolating core intrinsic features like
color, shape or texture out of other unrelated context. Rewriting on this refer-
ence, we generate alternative candidate descriptions to form a selection process
with ground truth option. Concurrently, we leverage MLLMs to determine the
optimal weights within (0,1] for mask, depth, and edge conditions to be in-
tegrated into the downstream connector for precise control. The final textual
CoT is assembled as sequential steps with in-context logic. We constrain that
the object removal and attribute modification tasks consist of only four steps,
as they do not involve new objects or styles.

Visual Condition Generation We further generate visual conditions of
source images to enforce strict visual-semantic alignment. Specifically, we lever-
age expert models (i.e. SAM2 [30], Depth Pro [?], and PiDiNet [35]) to produce
segmentation masks, depth maps, and edge maps that match the original image
resolution. It is worth noting that the segmentation masks are derived from the
contents contained in the extracted bounding boxes. To facilitate visual imagi-
nation, we utilize SD3.5 [34] to generate 512×512 reference images according to
the reference description, which serve as fine-grained attribute conceptualization
of the object or style, ensuring visual similarity and semantic consistency with
the edited output.
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Fig. 3: Framework architecture and optimization objectives of CORE-V. The model is
trained using a combined objective: LCE for textual CoT reasoning, Lref for reference
image generation via [ref] tokens, and Ledit for image editing guided by both [ref]
and [context] tokens. The color scheme indicates training stages: frozen (blue), pre-
trained in the first stage (yellow), and jointly fine-tuned in the second stage (green).

Filtering Criteria. To ensure the precision and logical coherence of our
visual CoT steps, we implement a rigorous filtering process. First, we verify that
all source and target entities from reasoning are present in the input and output
images. We verify if edit entities are correctly grounded in the grounded area
by re-captioning the cropped image. To ensure compatibility, we restrict the
description lengths, while enforcing significant attribute-level divergence among
candidates. Reference descriptions with irrelevant objects or mismatched at-
tributes are excluded to ensure structural consistency. Furthermore, to mitigate
the semantic ambiguity arising from the conflated instructions in [36], we revert
to the original instructions from sub-datasets with standardized formats.

3.2 CORE-V Framework

As shown in Fig. 3, the CORE-V consists of three modules: MLLM reasoning,
Condition generation and Diffusion generation. The MLLM extracts latent se-
mantic tokens from the input image and instruction, which are then integrated
into the diffusion module alongside spatial condition features and VAE-encoded
visual latents for final synthesis.

Model Structure. We employ Qwen-VL for text reasoning and visual la-
tents generation. Following the text-based CoT phase, we incorporate 64 [ref]
tokens and 64 [context] tokens to provide semantic guidance for downstream
generation. Adopting the sequential reasoning paradigm, the [ref] tokens are
utilized to derive a visual imagination of the target attributes. Subsequently, the
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remaining [context] tokens are incorporated as supplementary contextual fea-
tures, forming a complete 128-token sequence to control the final edit synthesis.
This causal architecture effectively anchors the reference features, ensuring that
the synthesized attributes remain faithful to the detailed reference description
in semantic reasoning.

Specifically, within the linear connector, we condense the MLLM embeddings
via average pooling and a double-layer MLP to derive a semantic guidance. To
ensure semantic alignment, an affine transformation is performed on the visual
tokens, effectively modulating their feature distribution toward the semantic
feature. Finally, the visual latents are integrated with the semantic guidance
vector via channel-wise concatenation for downstream DiT processing.

In parallel, we employ off-the-shelf specialist models to generate auxiliary seg-
mentation masks, depth maps, and edge maps. These spatial priors provide the
structural information that MLLMs typically struggle to perceive or synthesize
directly. To integrate multiple conditions, we utilize the open-source ControlNet
backbones [17, 18, 41] with an explicit weighting mechanism. Specifically, each
spatial condition is independently encoded and aggregated via a weighted sum-
mation governed by weight scalars [wmask, wdepth, wedge] from CoT reasoning.
By adaptively modulating the output features of spatial control signals prior to
their injection into the DiT blocks, our framework allows the model to selec-
tively prioritize spatial control cues. This synergy achieves a balance between
instruction alignment and geometric integrity.

Training Paradigm. To facilitate the integration of textual and visual CoT
while maintaining high-fidelity editing results, we define a joint training objective
of three components as:

Ltotal = LCE + λrefLref + λeditLedit (1)

Here, LCE denotes the cross-entropy loss for supervising the textual CoT se-
quences generated by the MLLM. Lref represents the reconstruction loss for
intermediate imagination, which is calculated by decoding only the [ref] tokens
while omitting ControlNet conditions to preserve the fine-grained reasoning at-
tributes from the interference of spatial conditions. Finally, Ledit characterizes
the final editing loss, which supervises the final output by integrating multimodal
guidance including visual, semantic, and spatial control. The loss triplet corre-
sponds to the textual, reference, and edited ground truths in our CoT dataset.

To ensure training stability, we adopt a progressive two-stage optimization
strategy. In the first stage, we focus on reasoning pre-training, where only the
MLLM decoder is updated by optimizing LCE. The second stage jointly upgrades
the entire framework using the total loss, shown in Eq. 1. Regarding parameter
efficiency, we apply low-rank adaption (LoRA) [9] to both the MLLM decoder
and DiT blocks, while the connector and ControlNet network are fully fine-tuned.
All other components and auxiliary tools remain frozen throughout the whole
training process.
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Fig. 4: Qualitative examples from the proposed CORE-Bench. Starting from the same
input image (first row), we apply editing instructions with increasing granularity to
generate multi-level results across two distinct branches (rows 2–4). These results pro-
vide a visual evaluation of our methods on CORE-Bench for coarse-to-fine editing.

3.3 Coarse-to-Fine Benchmark

As current image editing benchmarks are confined to one-to-one image-instruction
pairings, they lack direct quantification of fine-grained attribute manipulation.
To address these limitations, we introduce CORE-Bench, a hierarchical coarse-
to-fine benchmark designed for multi-level assessment of editing performance.

Data annotation. The images in CORE-Bench are sourced from the MSCOCO
dataset [20] with object annotations. To rewrite finer instructions, we initialize
our benchmark with five randomly selected base categories: object addition, ob-
ject removal, object swap, background swap, and global change. As depicted in
Fig. 4, our evaluation begins by formulating an atomic instruction, which is re-
stricted to only object or stylistic classes with no detailed descriptions. The base
instruction is then augmented with instance-specific details, such as color and
shape, to demand intrinsic visual precision. The final level continues to introduce
advanced priors, including position, lighting, and environmental interactions, re-
quiring the model to maintain high-level global consistency and realism.

Through this process, we leverage GPT-4o to generate instructions across
three granularities: base-level, attribute-level, and context-level. For each image,
we rewrite two progressive paths derived from a single base instruction. Since
removal tasks preclude the need for additive descriptions, we prioritize multi-
instance scenes and utilize attribute descriptions solely for target disambigua-
tion, while bypassing the redundant context stage. Following rigorous manual
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verification and refinement to eliminate physical inconsistencies and ensure dis-
tinct boundaries between levels, we finalized a high-quality dataset of 1, 090
coarse-to-fine editing instructions.

Evaluation Metric. Conventionally, CLIP-dir [28] score is employed to
measure text-image direction similarity from the CLIP feature agreement be-
tween caption difference and image difference. However, CLIP-dir score suffers
from the imprecision of fine-grained ground-truth captions (e.g. identical cap-
tions ’a train station in city’ in Emu-Edit test [32]), a limitation that has dis-
couraged its adoption in recent research [45]. Accordingly, we propose CLIPDelta

to accurately quantify coarse-to-fine directions by measuring the agreement be-
tween CLIP feature increments in editing instructions and edit results:

CLIPDelta = cos(Et(Tfine)− Et(Tcoarse), Ev(Ifine)− Ev(Icoarse)), (2)

where Et and Ev denote the CLIP text and visual encoders, respectively. T and I
represent the editing instructions at different granularities and their correspond-
ing edited results derived from the same source image.

Consequently, we can quantify the execution fidelity across hierarchical levels
and analyze the semantic shifts between distinct instructions at the same stage.
To ensure reliable assessment, we also employ DINO similarity [26] to measure
geometric consistency and GPT-4o [12] for overall quality control.

4 Experiments

4.1 Experimental Settings

Implementation Details. We utilize Qwen3-VL-4B [1] as our MLLM module
with coefficients λref = 1.0 and λedit = 2.5. Both training stages use the Adam
optimizer with a total batch size of 128. In the first stage, we optimize the
Qwen3-VL decoder and linear connector for 50,000 steps with a learning rate of
1×10−4. The second stage incorporates the ControlNet and DiT blocks to train
the whole model for 20,000 steps with a maximum learning rate of 2 × 10−5.
Both MLLM and DiT blocks are fine-tuned using LoRA with rank r = 64 and
alpha α = 128.

Benchmarks and Metrics. To evaluate general editing performance on
public benchmarks, we also utilize the Emu-Edit [32] and Reason-Edit [10] bench-
marks to measure fundamental and reasoning capabilities. Unlike these public
benchmarks tend to compute CLIP and DINO similarities between the edited
output and the original input or instruction, CORE-Bench evaluates coarse-
to-fine performance through cross-level comparisons. Our benchmark calculates
CLIPDelta and DINO by comparing results at the semantic and context levels
against the original base level instructions and corresponding outputs. In CORE-
Bench, we employ GPT-4o [12] to assess the overall editing quality focusing on
attribute or contextual constraints given the source image and instruction.
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Table 1: Quantitative results on the Emu-Edit benchmark [32]. Existing editing frame-
works typically leverage various text encoders, coupled with base models for generation.

Methods Text Encoder Architecture CLIPim↑ CLIPout↑ DINO↑

Instruct-Pix2Pix [3] CLIP U-Net 0.856 0.292 0.773
MagicBrush [42] CLIP U-Net 0.877 0.298 0.807
UltraEdit [47] CLIP+T5 U-Net 0.880 0.304 0.847
OmniGen [40] – DiT 0.831 0.286 0.765
GoT [7] MLLM U-Net 0.864 0.287 0.784
IC-Edit [45] CLIP+T5 DiT 0.907 0.305 0.866
Step1X-Edit [23] MLLM DiT 0.860 0.304 0.782
BAGEL [4] LLM DiT 0.839 0.307 0.753
Flux.1 Kontext [16] CLIP+T5 DiT 0.875 0.296 0.792

Ours MLLM DiT 0.902 0.313 0.885

Fig. 5: Qualitative results of image editing models on Emu-Edit benchmark. By syn-
thesizing visual imagination for fine-grained attributes consistent with final outputs,
our model facilitates superior semantic alignment and editing quality.

4.2 Public Benchmarks

We benchmark our method against several representative open-source image
editing models to evaluate its general editing performance and reasoning ability.

Results on Emu-Edit. Table 1 summarizes the quantitative results on
the Emu-Edit benchmark. Overall, our framework CORE-V achieves state-of-
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Table 2: Quantitative results on the Reason-Edit [10]. CORE-V consistently outper-
forms other reasoning-enhanced models particularly in reasoning scenarios.

Methods Understanding Scenarios Reasoning Scenarios GPT-Eval↑
PSNR↑ SSIM↑ CLIP↑ PSNR↑ SSIM↑ CLIP↑

Instruct-Pix2Pix [3] 21.576 0.721 22.762 24.234 0.707 19.413 0.286
MagicBrush [42] 18.120 0.680 22.620 22.101 0.694 19.755 0.334
SmartEdit [10] 22.049 0.731 23.611 25.258 0.742 20.950 0.572
GoT [7] 22.255 0.713 22.943 26.067 0.804 20.699 0.561
BAGEL [4] 22.685 0.826 23.593 27.331 0.787 20.958 0.553

Ours 22.918 0.893 23.575 28.356 0.849 21.316 0.586

the-art (SOTA) performance, particularly in CLIPout and DINO scores which
indicate instruction alignment and structural consistency. Furthermore, in the
qualitative comparisons Fig. 5, we visualize the reference imagination generated
by CORE-V during the CoT reasoning. As CORE-V surpasses baselines in both
structural fidelity and fine-grained detail, the attribute consistency between the
intermediate imaginations and the final results validates the efficacy of our visual
CoT paradigm.

Results on Reason-Edit. We further evaluate CORE-V on the Reason-
Edit benchmark, as detailed in Table 2. CORE-V consistently outperforms base-
line methods in both understanding and reasoning scenarios. While models like
BAGEL utilize the thinking mode from pretrained MLLMs, the absence of a
structured reasoning process hinders the effective translation of understanding
into reasoning. Our methods address the limitation through well-defined CoT
steps. With explicit textual reasoning for solving complex problems, CORE-V
achieves superior synthesis with visual-semantic alignment.

4.3 Ablation Study

We also conduct our ablation studies of model structure and training objective
coefficients on the public benchmarks with results in Table 3.

Ablation on Model Structure. As our core architectural innovations cen-
ter on the CoT reasoning process, we conduct an incremental ablation study on
the Reason-Edit benchmark to dissect the individual contributions of these key
designs and evaluate their collective impact on reasoning efficacy. For fair com-
parison, we only update the MLLM decoder and linear connector while freezing
other components. Replacing the MLLM encoder with CLIP impairs the overall
editing quality. While applying pretrained MLLMs with textual CoT reasoning
improves semantic alignment, the model lacks the visual information necessary
for structural preservation. The best performance is achieved by adding spatial
conditions and visual imagination, proving the effectiveness of both textual and
visual CoT designs.

Ablation on Loss Coefficients. Each term within the total objective 1
corresponds to the specific component of our proposed CoT framework. While
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Table 3: Ablation studies of CORE-V framework. (Left) Impact of loss coefficients on
Emu-Edit. (Right) Effectiveness of key structural components on Reason-Edit.

λref λedit CLIPim↑ CLIPout↑ DINO↑

1.0 2.5 0.902 0.313 0.885

1.0 3.0 0.908 0.309 0.869
1.0 4.0 0.886 0.297 0.879

0.8 2.5 0.887 0.298 0.880
0.6 2.5 0.869 0.291 0.865

MLLM Textual Visual Spatial PSNR↑ SSIM↑ CLIP↑Enc. CoT Imag. Ctrl.

% % % % 21.307 0.754 21.78
! % % % 23.257 0.795 22.22
! ! % % 23.544 0.803 22.54
! ! ! % 25.012 0.858 22.46
! ! ! ! 24.567 0.880 22.89

Table 4: Quantitative results on CORE-Bench. The CLIPDelta score is multiplied by
102, and the total GPT-Eval scores are calculated on a 5-point scale. Following [42,47],
we utilize ViT-B/32 and dino-vits16 for feature embeddings.

Methods Semantic Level Context Level GPT-Eval↑
CLIPDelta ↑ DINO↑ CLIPDelta ↑ DINO↑

Instruct-Pix2Pix [3] 5.402 0.658 5.223 0.643 1.86
MagicBrush [42] 5.816 0.695 5.333 0.612 1.93
OmniGen [40] 6.080 0.672 5.516 0.596 1.97
Step1X-Edit [23] 7.312 0.821 7.179 0.891 2.85
Qwen-Image-Edit [39] 7.772 0.814 6.591 0.824 2.72
BAGEL [4] 8.131 0.756 7.565 0.833 3.00
Flux.1 Kontext [16] 6.557 0.733 6.533 0.805 2.65

Ours 7.998 0.876 7.901 0.881 3.24

fixing the text weight to 1.0, we evaluate the impact of coefficients λref and λedit
on the Emu-Edit. Ablation results show that over-weighting the final editing loss
tends to compromise semantic alignment and reduced λref leads to structural
degradation. Consequently, we fix λref = 1.0 and λedit = 2.5 to achieve an
optimal balance between structural integrity and semantic logic.

4.4 CORE-Bench

We conduct a comprehensive quantitative comparison between our CORE-V
framework and SOTA baselines including Qwen-Image-Edit [39] on the CORE-
Bench. Table 4 summarizes the evaluation results across semantic and context
levels, which are derived from the expansion of base instructions. While the
semantic level focuses on apparent attributes of entities, the context level intro-
duces the subtle environmental information. Abstract information like reflection,
lighting and atmosphere, challenge models to derive fine-grained details from
limited texts.

Compared with recent MLLM-based image editing methods such as Qwen-
Image-Edit, CORE-V consistently achieves better semantic alignment and struc-
tural fidelity. Although our model slightly trails BAGEL in CLIP score at the
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Fig. 6: Performance breakdown on the CORE-Bench. Both charts illustrate the robust
performance of our framework in maintaining both semantic alignment and structural
fidelity across five primary tasks.

semantic level, CORE-V demonstrates superior robustness in complex context-
level tasks. Benefiting from our visual imagination design, our editing direction
alignment remains stable and significantly outperforms other baselines. Regard-
ing the structural fidelity, as measured by DINO similarity, our methods maintain
consistent structural integrity with the base-level outputs. This is attributed to
the introduction of visual conditions adaptively scheduled by CoT reasoning.
Ultimately, these strengths are reflected in our top-tier GPT score, confirming
the overall coarse-to-fine editing ability.

To provide a deeper analysis for the editing characteristics of our benchmark,
we calculate the evaluation metrics average in the five main classes as Fig. 6.
The results reveal that while local object operations are generally more tractable,
tasks such as background swapping and global change exhibit higher complexity
due to the requirement for environmental interaction and consistency. CORE-V
demonstrates robust adaptability across these diverse scenarios. Fig. 4 visualizes
results of the CORE-V model on the CORE-Bench. Further cross-level visual-
izations and corresponding evaluation prompts are deferred to the Appendix.

Finally, we conduct a user study involving 24 participants to evaluate 50 ran-
domly sampled editing results from CORE-Bench. Following the scoring protocol
detailed in the Appendix, participants rated each editing pair on a 5-point scale
in terms of fine-grained compliance, visual naturalness, and structural consis-
tency. As shown in Table 5, CORE-V outperforms the Qwen-Image-Edit, GoT,
and Step1X-Edit across all evaluation criteria in human evaluation.

5 Conclusion

In this paper, we propose CORE-V, a CoT framework for controllable image
editing. Our methods carefully design structured reasoning steps to induce the
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Table 5: Quantitative results of user study on the CORE-Bench.

Method GoT Step1X-Edit Qwen-Image-Edit CORE-V

Semantic 2.32 3.00 3.31 3.87
Context 2.22 2.88 2.62 3.19
Overall 2.26 2.93 2.90 3.46

visual-semantic interaction. With a large-scale curated CoT dataset of both tex-
tual and visual reasoning, we build a unified framework to efficiently compute
semantic guidance and visual conditions in reasoning. Specifically, with ground
truth reference images consistent with the edit outputs, we optimize the model to
concurrently generate visual imagination and final edit. In this case, our frame-
work provides fine-grained attribute selections for controllable editing. Unlike
current benchmarks limited to one-to-one editing, a coarse-to-fine benchmark,
CORE-Bench, is built to measure semantic alignment and structural integrity
across progressive instruction granularities. Together, the CORE-V framework
and CORE-Bench establish a robust foundation for investigating visual reason-
ing with MLLMs and its manifestation in image editing capabilities.
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