
The Consistency Critic: Correcting Inconsistencies in Generated Images via
Reference-Guided Attentive Alignment

Ziheng Ouyang1 Yiren Song2 Yaoli Liu3 Shihao Zhu1 Qibin Hou4,1* Ming-Ming Cheng4,1 Mike Zheng Shou2
1VCIP, Nankai University 2Show Lab, National University of Singapore

3State Key Laboratory of CAD&CG, Zhejiang University 4NKIARI, Shenzhen Futian

Gpt-4o generated ImageCritic (ours)Reference based SR

Consistent � Inaccurate  ️

Input

zoomed

(a
) P

ro
bl

em
 d

ef
in

iti
on

(b
) O

ur
 re

su
lts

Gemini generated ImageCriticInput zoomed Qwen generated ImageCriticzoomed UNO generatedInput Input zoomed ImageCritic

zoomed

post-edit

Edit method

Inconsistent 

Figure 1. Visual illustrations. (a) illustrates that we first generate customized content using GPT-4o [1] and then apply different post-
editing methods. Edit method [57] struggles to achieve fine-grained, consistent generation, while images processed by super-resolution
methods [14] often exhibit noticeable detail inaccuracies. In contrast, our proposed ImageCritic corrects local details to ensure text and
logo consistency while maintaining accurate spatial alignment, significantly improving the overall coherence of generated images. (b) We
further apply our method to customized results generated by both state-of-the-art closed-source [10] and open-source models [57, 59]. After
performing our correction, the fine-grained details of the generated images align precisely with those of the original objects, demonstrating
the superior performance of our approach.

Abstract

Previous works have explored various customized gen-
eration tasks given a reference image, but they still strug-
gle to generate consistent fine-grained details. In this
paper, we aim to address the inconsistency problem in
generated images by applying a reference-guided post-
editing approach and present our ImageCritic. We first
construct a dataset of reference-degraded-target triplets
generated via VLM-based selection and explicit degra-
dation, effectively simulating the common inaccuracies
and inconsistencies observed in existing generation mod-
els. Furthermore, building on a thorough examination
of the model’s attention mechanisms and intrinsic repre-
sentations, we accordingly devise an attention alignment
loss and a detail encoder to precisely rectify inconsisten-
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cies. ImageCritic can be integrated into an agent frame-
work to automatically detect inconsistencies and correct
them through multi-round local editing in complex sce-
narios. Extensive experiments demonstrate that Image-
Critic can effectively resolve detail-related issues in vari-
ous customized generation scenarios, providing significant
improvements over existing methods. Source code is avail-
able at: https://ouyangziheng.github.io/
ImageCritic-Page/.

1. Introduction

In recent years, image generation systems [56] based on
diffusion models have evolved from UNet architectures to
Transformer-based Diffusion Transformer (DiT) models,
with reference-guided generation becoming one of the key
research trends, powering applications such as virtual try-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

2035



on [15, 33, 35], image editing [8, 17, 21, 27, 52, 60–63, 63],
and subject customization [4, 5, 17, 36, 42, 48, 59, 72, 73].
However, due to discrepancies introduced by VAE-based
encoding and decoding in encoder–decoder frameworks,
and the loss of shallow-layer information in decoder-only
structures, existing models often produce inconsistent and
inaccurate fine-grained details in the generated image rela-
tive to the reference image. As illustrated in Fig. 1, images
generated using current state-of-the-art [1, 10, 57, 59] cus-
tomized generation methods commonly exhibit inconsisten-
cies or blurriness in textual and logo regions.

One naive approach to address this inconsistency be-
tween generated and reference images is to use reference-
based super-resolution models, such as ReFIR [14], which
refine blurry regions to improve alignment with the refer-
ence. However, as shown in Fig. 1(a), the inconsistencies in
the generated images remain uncorrected, and in some local
regions the errors become even more severe—falling short
of the requirements for consistency-aware correcting. An-
other approach is to use multi-image editing models, such
as Qwen-Image [57], to repair local details through text in-
structions. As shown in Fig. 1(a), the model fails to accu-
rately locate and correct the target details. These demon-
strate that, even with a reference image, enhancing the con-
sistency of existing customized generation models remains
a challenging problem.

We summarize the failure of the aforementioned mod-
els into two main issues. First, there is a lack of high-
quality data that is capable of focusing on and improving
fine-grained details. For example, datasets such as Sub-
jects200K [48], UNO-1M [59], and X2I2 [58] mainly focus
on maintaining the overall object consistency while neglect-
ing subtle local details. To address this, we construct refer-
ence–target pairs that maintain strong consistency and si-
multaneously capture the inherent generation issues of cur-
rent models. Specifically, we employ a VLM-based selec-
tion strategy to build reference–target pairs and further in-
troduce Flux-Fill [23] to explicitly degrade local regions of
the generated images, thereby simulating detail-level incon-
sistencies and completing our dataset construction.

In addition, existing models often fail to attend to, lo-
calize, and align fine-grained regions for precise correction.
To tackle this problem, we visualize the attention maps of
the reference and input images within the noise regions and
observe strong coupling between them. To mitigate this,
we introduce an attention alignment loss, which explicitly
supervises the attention maps using region masks, enabling
effective decoupling and automatic localization of the re-
gions to be corrected. Furthermore, we analyze the intrinsic
properties of our chosen base model. To improve gener-
alization and reference-image understanding, we proposed
a detail encoder, which explicitly embeds features for both
reference and input images, fully leveraging the strengths

of the pre-trained editing model and further improving the
consistency between generated outputs and inputs.

To improve usability, we further design an agent-based
processing chain that automates the entire workflow, includ-
ing consistency evaluation, discrepancy localization, refer-
ence retrieval, and image refinement. This enables multi-
round human–agent interaction and a fully automated one-
click refinement process, greatly enhancing the model’s
ability to handle complex real-world scenarios.

As shown in Fig. 1, our method significantly improves
the consistency of generated images. The refined results
preserve the physical priors of relative spatial relationships
between objects while maintaining environmental and light-
ing consistency. Meanwhile, local regions such as the wheel
hub in Fig. 1(a) demonstrate a remarkable improvement in
structural fidelity and fine-grained alignment.

Our contributions can be summarized as follows.
• To further enhance the consistency of existing generative

models, we construct a reference-degraded-target dataset
and establish a benchmark for complex object customiza-
tion, providing valuable resources for high-consistency
generation and editing research.

• To address the common issue of detail inconsistency and
inaccuracy for existing customized generation models,
we introduce an attention alignment loss for region-aware
reference perception and a detail encoder for precise task
understanding.

• We design an agent system that seamlessly integrates
the critic model, enabling automated and intuitive multi-
round editing while ensuring robust performance.

2. Related Work

Conditional image generation. Conditional image gen-
eration aims to improve controllability in diffusion mod-
els by introducing external conditions. Existing condition-
guided diffusion models can be broadly categorized into
two types of tasks: condition-aligned generation and
condition-referenced generation. Condition-aligned gener-
ation focuses on abstract structural control, such as pose
or shape alignment [30–32, 68]. In this setting, condi-
tional inputs are strictly aligned with the output at the pixel
level, achieving fine-grained spatial control. In contrast,
condition-referenced generation emphasizes semantic-level
and object-specific control rather than pixel-level corre-
spondence. Representative works, such as IP-Adapter [65],
Textual inversion [12], and others, introduce adapters or en-
coders [13, 22, 26, 41, 53, 69] to inject subject-related con-
ditional information into the diffusion process, enabling ref-
erence subject consistency.

Unlike previous approaches that inject conditional sig-
nals directly at the feature level, DiT-based methods [3, 25,
44–46, 50, 51, 55, 58, 60, 61, 71] unify semantic and spatial
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Figure 2. Data curation pipeline. (a) illustrates the complete pipeline of our approach, which involves generating customized images
using existing state-of-the-art models, applying VLM-based filtering, and performing degradation. (b) shows local regions from our
dataset, where the target patch aligns well with the input patch, and the degraded patch effectively simulates fine-grained inconsistencies
in text and logo areas commonly seen between the input patch and the generated patch.

conditions into token sequences and integrate them with text
tokens through multimodal attention and token concatena-
tion mechanisms. To enhance subject consistency, DreamO
[34] designs a router mechanism to focus attention on tar-
get subjects, and XVerse [4] adopts text-stream modulation
to transform reference images into token-specific offsets.
MOSAIC [42] further introduces fine-grained regional con-
straints via explicit semantic point correspondences. De-
spite these advances, inconsistency in fine-grained details
remains a significant limitation.

LLM for Generation. Large Language Models (LLMs),
such as ChatGPT [1] and Llama [49, 49], have demon-
strated outstanding capabilities in the field of natural lan-
guage processing. Meanwhile, Multimodal Large Language
Models (MLLMs), including LLaVA [28], Claude, and
GPT-4, further integrate visual understanding, significantly
enhancing the ability to process multimodal data. LLMs
have now become a core component of vision-language
tasks, where their powerful language understanding and
reasoning abilities have driven advances in cross-modal se-
mantic alignment and visual reasoning, as demonstrated in
works such as VisProg [16] and ViperGPT [47]. At the
same time, LLMs are widely adopted within agent frame-
works [6, 29, 43, 64, 66], where they learn to invoke exter-
nal tools to accomplish complex tasks such as visual inter-
action, speech processing [16], software development [38],
and game operation [7]. With the deepening of multimodal
training, the interconnections among generative agents have
become increasingly integrated. LayoutGPT [9] can gener-
ate spatial layouts from textual prompts, GenArtist [54] and
LLM Blueprints employ a “generate-then-edit” paradigm to
optimize outputs, and LayerCraft [70] introduces an inte-
grated multi-agent framework that unifies layout planning
and object integration within a single system.

3. Data Curation

Under our problem setup, the input consists of the cus-
tomized generated image to be repaired and a reference im-

age. Our goal is to enhance the fine-grained consistency
of the generated image. However, given that existing mod-
els often suffer from detail misalignment issues, identifying
more consistent input–output pairs to achieve a substantial
performance improvement over current models remains a
challenging problem.

We decompose the problem into two main components:
constructing consistent reference–target pairs and generat-
ing images that reflect the inherent issues present in existing
generative models. First, we employ a VLM-based filtering
strategy to leverage the complementary strengths of both
inputs, thereby constructing the most ideal ground-truth su-
pervision. Then, we simulate common artifacts observed in
current generative models, such as text rendering errors and
logo mismatches, through controlled degradation.

As shown in Fig. 2(a), we begin by collecting a set of
high-quality images and generating diverse prompts that in-
clude various objects, scenes, human–object interactions,
and lighting conditions. Then, by using state-of-the-art text-
to-image models, like Flux Kontext [24], GPT-4o [1], and
Nano-Banana [10], we produce scene-rich images. These
images are evaluated by Qwen-VL [2], which scores them
in terms of visual quality and clarity. We retain only the top-
performing samples. Next, Qwen is used again to annotate
each image, followed by Grounding SAM [40] for object
detection and segmentation. To mitigate potential mask er-
rors from SAM, we further use Qwen to recheck and filter
the outputs, ensuring consistency while preserving segmen-
tation accuracy. This process yields a set of high-quality
reference–target pairs. To simulate real-world degradation,
we apply the Flux-Fill [23] model to actively corrupt the
filtered high-quality images. Specifically, we randomly se-
lect subsets of the masked regions as inputs to Flux-Fill,
prompting it to inpaint regions or alter elements, such as text
or logos. The resulting degraded samples are then screened
by Qwen to remove those with severe visual errors.

Through this data construction pipeline, we effectively
address the two challenges described above and acquire
10k high-quality reference-degraded-target triplets. As il-
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Figure 3. Overview of the proposed ImageCritic. We propose ImageCritic, which employs a Detail Encoder and an Attention Alignment
Loss to enable the model to localize regions requiring restoration, thereby achieving high-quality and consistent image correcting. Further-
more, we develop a fully automated agent framework that supports both local patch restoration and multi-round correcting processes.

lustrated in Fig. 2(b), by comparing the input image patch
and the target patch, one can observe that the filtered targets
exhibit a high degree of consistency with the original input.
Meanwhile, when comparing the model’s generated patch
and the degraded patch, it can be seen that the degraded
patches effectively reproduce common artifacts found in
current generative models, including logo misalignment and
text generation errors, which provide realistic supervision
signals and a solid basis for subsequent model training.

4. Methodology

Our overall pipeline is illustrated in Fig. 3. As shown, the
reference image and input image are fed into the detail en-
coder together with the prompt to obtain text tokens. These
tokens are then concatenated with the image tokens encoded
by the VAE and subsequently fed into the DiT for denois-
ing. During training, we introduce an Attention Alignment
Loss to ensure both the disentanglement and alignment of
attentions between the condition inputs and the noisy tar-
get. During inference, we design an agent chain that, given
a reference image and an input image to be corrected, au-
tomatically identifies the required patches and organizes
the prompt. Both training and inference follow the same
prompt format: “Use the object in IMG1 as a reference
to be corrected, replace, or enhance the object in IMG2.”
Here, “IMG1” and “IMG2” are trigger tokens correspond-
ing to the reference image and the input image, respectively,
while {object} denotes a simplified description of the target
object identified from the reference image.

4.1. Preliminaries
The DiT architecture employs a multi-modal attention
mechanism by concatenating text tokens cT ∈ RM×d and
noisy image tokens ztgt ∈ RN×d as input, where d denotes
the embedding dimension, and N and M are the numbers
of image and text tokens, respectively. It projects the hid-
den states of these tokens into query Q, key K, and value V
representations and perform attention:

Attention(Z) = softmax
(
QK⊤
√
d

)
V, (1)

where Z = [ztgt, cT ] denotes the concatenation of the text
tokens and the noisy image tokens. Recent models, such
as the Flux Kontext image editing model [24], extend this
formulation to Z ′ = [ztgt, cT , zc], which introduces an ad-
ditional control token zc to incorporate image-level condi-
tioning. Here, zc represents an image token corresponding
to the image to be edited. We adopt Flux Kontext [24] as
our base model to leverage its image control capability for
fine-grained consistency correcting.

4.2. Consistency Critic

Attention alignment. Given the dataset obtained
from Sec. 3, a straightforward idea is to fine-tune the base
model using LoRA [20]. As shown in the first row of Fig. 4,
after LoRA fine-tuning, the model is able to understand our
intention and perform local correcting. However, for small
text or fine-grained regions, the generated images still re-
tain former elements from the input image, indicating that
the overall consistency remains insufficient.
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Figure 4. Attention visualization. We separately extract the noise
attention maps with respect to the reference image and the input
image to be corrected, denoted as MR and MI , respectively. The
first row shows the results of the LoRA-finetuned base model,
while the second row presents the results after applying the at-
tention alignment loss. The first two columns correspond to the
attention map of the double stream layer, and the last two columns
correspond to the single stream layer. It can be observed that the
attention alignment loss effectively promotes attention disentan-
glement.

As observed in [18, 19, 34], the image-to-image atten-
tion mechanism is capable of capturing spatial patterns dur-
ing generation. Motivated by this, we further visualize the
attention maps between the condition inputs and the gener-
ation target, as shown in Fig. 4. Specifically, the attention
map is formulated as

M =
QciK

T
tgt√
d

, i ∈ {R, I}, (2)

where R and I denote the reference and input images, re-
spectively, Qci represents the condition tokens projected
into the query space, and Ktgt denotes the noisy tokens pro-
jected into the key space.

By visualizing the influence of tokens from the refer-
ence and input branches on the noise latent, we observe
that in our fine-tuned model, the attentions from these two
branches are strongly coupled within the noise region. As
a result, the input and reference tokens convey conflicting
cues for local generation, preventing the model from accu-
rately identifying the reference details necessary for precise
correction. Consequently, the model either neglects modi-
fications in these regions or performs inaccurate edits. To
achieve the goal of consistency enhancement, we expect
the input tokens to provide guidance on object-level details,
while the reference tokens focus on background, lighting,
and other global aspects. To realize this effect, we intro-
duce an Attention Alignment Loss that enforces alignment
at the attention level, explicitly guiding the model to query
and reference the target regions appropriately.

Specifically, we first define a binary object mask B as:

B(p) =

{
1, p ∈ background,

0, p ∈ subject,
(3)

Subsequently, we incorporate an MSE-based alignment
term into the DiT framework to optimize the attention dis-
tributions of both the reference and input branches with re-
spect to the noise regions, defined as:

LG =
1

nl

nl−1∑
j=0

∥∥∥B ⊙N
(
M j

G

)∥∥∥2
2
, (4)

LR =
1

nl

nl−1∑
j=0

∥∥∥B ⊙N
(
M j

R

)∥∥∥2
2
, (5)

where B denotes the complement of B, ⊙ represents
element-wise multiplication, j is the layer index, nl is the
total number of layers, and N(·) denotes a min-max nor-
malization operator, which normalizes the input values to
the range between zero and one. Finally, the overall train-
ing objective is formulated as:

L = Ldiff + LR + LG. (6)

Here, Ldiff represents the rectified flow-matching loss
originally adopted by the base model.

This design encourages the reference patches to focus
primarily on the object regions rather than the background,
while preventing the input patches from exerting excessive
influence on the regions that require correction. Moreover,
as observed in Fig. 4, in the double stream layers, the atten-
tions from both the reference and input branches are con-
centrated and exhibit strong responses to the noise regions,
while in the single block, the attention from the condition
branch is more dispersed, lacking distinct regional features.
Therefore, we apply the Attention Alignment Loss only at
the double stream blocks of the model, and nl is set to the
number of double-stream block layers only.

reference W/o detail encoderinput W detail encoder

Figure 5. Effect of the detail encoder. We find that when the in-
put image exhibits structural differences from the reference image,
the model fails to correctly identify the intended reference object,
leading to inconsistent generation results.

Detail encoder. During training, we provide the model
with two image inputs simultaneously and set the triggers
“IMG1” and “IMG2” to represent each image, enabling pre-
cise prompt description. However, for the T5 text encoder,
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Figure 6. Visual Results. We present the results obtained by applying our method to the generated outputs of existing state-of-the-art
customized generation models, including both open-source and closed-source variants. As shown, our method substantially enhances the
consistency of the generated images.

the latent representation derived from the same trigger word
remains identical across different inputs, which causes the
model to struggle in associating different image inputs with
their respective triggers, leading to incorrect outputs. As
shown in Fig. 5, when the input image slightly differs in
shape from the reference image, the model struggles to ac-
curately identify the corresponding part of both condition
images within the prompt, leading to erroneous generation.

Inspired by works such as PhotoMaker [26] and Dreamo
[34], we design a Detail Encoder that couples the latent
representation of the trigger word with that of the image,
enhancing the model’s understanding of the reference im-
age. This coupling mechanism allows the model to link
textual triggers and visual content more effectively, thereby
improving reference consistency in the generated results.

Specifically, let the prompt, after being processed by the
T5 encoder, produce token representations P ∈ RM×dt ,
and let the flattened hidden representation of the image ob-

tained from CLIP [39] be Ci ∈ R1×dc . From these tokens,
we extract the hidden states PR, PI ∈ R1×dt , correspond-
ing to the trigger words “IMG1” and “IMG2”, which refer
to the reference image and the input image to be corrected,
respectively. Here, dt and dc denote the hidden dimension-
alities of the T5 and CLIP models, respectively. We then
construct a fused hidden representation:

P ′
i = [Pi;Ci] ∈ R1×(dt+dc), i ∈ {R, I}. (7)

Subsequently, P ′
i is passed through a two-layer MLP and

projected back to the original dimension, yielding P̃i, which
is then used to update the corresponding hidden states of
the trigger words PR and PI in the prompt representation,
respectively.

4.3. Agent Chain
In our experiments across various generative models, we
observe that they tend to compress the reference image, re-
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sulting in local regions where fine textual details become
too small or even fail to render properly. However, in
real-world scenarios, users often provide high-resolution
reference images that are not fully utilized by such mod-
els. Moreover, existing models sometimes produce results
in which the reference image occupies only a small por-
tion of the generated output, which can negatively affect
the correcting quality. To better preserve fine details, fully
leverage high-resolution guidance, and enable more intu-
itive interaction, we develop an agent chain framework.
Our system integrates multiple specialized agents through
carefully designed prompts, with each agent responsible for
specific subtasks—such as assessing content consistency,
identifying inconsistent regions, selecting relevant refer-
ence patches, summarizing prompts, and performing final
image correction (handled by the critic model). Specifically,
we employ the Qwen-Agent [2] as a coordinator, which su-
pervises the overall workflow, facilitates smooth communi-
cation between users and agents, and orchestrates cooper-
ation among all components. While the system can oper-
ate autonomously, users can also interactively adjust input
patches. For instance, if a user wishes to regenerate small
textual details within a product region, the coordinator del-
egates this request to the corresponding agent for reprocess-
ing, ensuring that the input patches align precisely with the
user’s intent.

5. Experiments

5.1. Implementation details.
We adopt Flux.1-Kontext-dev [24] as our base model, upon
which we conduct LoRA fine-tuning with a learning rate
of 1 × 10−4 and a rank of 128, training on 2 GPUs with
a batch size of 4 per GPU (total batch size = 8) for a total
of 20,000 steps. After training, we enhance a subset of the
generation targets with low consistency in the dataset using
our proposed ImageCritic to further improve overall genera-
tion consistency. Details are provided in the Supplementary
Material. The model was then retrained following the same
settings described above.

5.2. Qualitative comparisons.
We employ both open-source models — XVerse [4],
Dreamo [34], MOSAIC [42], OmniGen2 [58], UNO [59],
and Qwen-Image [57] — as well as the closed-source mod-
els NanoBanana [10] and GPT-Image [1], to evaluate sin-
gle subject customization performance. Subsequently, we
apply our proposed method to enhance the consistency of
the generated results. As illustrated in Fig. 6, existing ap-
proaches can generally preserve the primary subject; how-
ever, they often struggle to handle fine-grained local de-
tails, which limits their overall applicability. In contrast,
our method achieves a significant improvement in consis-

reference input + ImageCritic reference input + ImageCritic

Figure 7. Robust Generalization. As shown in the figure, Im-
ageCritic produces detail-rich and spatially coherent corrections
across varying viewpoints and stylized settings, covering chal-
lenging cases such as non-rigid objects, faces, and backgrounds.
Meanwhile, it preserves style and illumination consistency, rather
than resorting to a naive copy-and-paste strategy.

tency while maintaining the original lighting, texture, and
background fidelity of the generated images. In addition to
these advantages, our approach further demonstrates strong
robustness and generalization across diverse scenarios. As
shown in Fig. 7, our method achieves highly consistent cor-
recting across varying viewpoints, object categories, and
diverse stylization settings, while faithfully preserving the
background, illumination, and stylistic characteristics of the
input images.

5.3. Quantitative comparisons.

Benchmark. We first evaluate our model on Dream-
bench++ [37]. Subsequently, to further examine the model’s
performance on more challenging cases involving text, lo-
gos, and other complex visual details, we introduce a
new benchmark, CriticBench, which specifically focuses on
fine-grained detail preservation. Our benchmark consists
of 300 images, including 200 intricate multilingual prod-
uct images and 100 images of apparel and accessories. For
each image, we utilize the Qwen-VL [2] model to generate
editing instructions that most accurately align with the in-
tended scene of the input image. Subsequently, we apply
our method to these results and evaluate the quality of the
final generated images.

Evaluation Metrics. We evaluate our approach on
the aforementioned DreamBench++ [37] and CriticBench
benchmarks, leveraging the methods introduced earlier for
comparison. For each method, we compare each gen-
erated image with its corresponding reference image and
compute metrics, including CLIP Image Score [39], DINO
Score [67], and DreamSim [11]. Specifically, on our pro-
posed CriticBench, for each method, we utilize Qwen-VL
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Table 1. Quantitative comparison on CriticBench. Evaluation
of consistency correcting across different generation models on
our proposed CriticBench.

Method CLIP-I ↑ DINO ↑ DreamSim ↓

Sora [1] 78.7 ➟ 79.6 +0.9 68.4 ➟ 69.2 +0.8 29.1 ➟ 28.7 -0.4
Nano-Banana [10] 79.2 ➟ 79.8 +0.6 66.5 ➟ 66.9 +0.4 32.0 ➟ 31.8 -0.2

Xverse [4] 76.5 ➟ 79.9 +3.4 68.8 ➟ 71.9 +3.1 34.3 ➟ 31.4 -2.9
DreamO [34] 77.8 ➟ 78.1 +0.3 67.7 ➟ 68.2 +0.5 29.6 ➟ 29.2 -0.4
MOSAIC [42] 74.6 ➟ 77.1 +2.5 62.6 ➟ 65.0 +2.4 35.2 ➟ 31.4 -3.8
OmniGen2 [58] 78.8 ➟ 79.3 +0.5 70.0 ➟ 70.8 +0.8 27.7 ➟ 27.0 -0.7
UNO [59] 77.6 ➟ 78.9 +1.3 68.4 ➟ 69.3 +0.9 33.6 ➟ 32.1 -1.5
Qwen-Image [57] 77.9 ➟ 78.2 +0.3 69.2 ➟ 69.4 +0.2 30.3 ➟ 30.1 -0.2

Table 2. Quantitative comparison on DreamBench++. Evalua-
tion of consistency correcting across different generation models
on DreamBench++.

Method CLIP-I ↑ DINO ↑ DreamSim ↓

Xverse [4] 81.5 ➟ 82.3 +0.8 64.5 ➟ 66.3 +1.8 36.9 ➟ 34.9 -2.0
Dreamo [34] 83.3 ➟ 83.4 +0.1 72.5 ➟ 72.7 +0.2 27.2 ➟ 27.1 -0.1
MOSAIC [42] 77.5 ➟ 78.3 +0.8 57.6 ➟ 59.2 +1.6 42.7 ➟ 41.1 -1.6
OmniGen2 [58] 78.5 ➟ 79.2 +0.7 62.0 ➟ 64.5 +2.5 38.6 ➟ 36.3 -2.3
UNO [59] 78.7 ➟ 79.0 +0.3 62.7 ➟ 63.2 +0.5 37.7 ➟ 37.1 -0.6
Qwen-Image [57] 78.8 ➟ 79.7 +0.9 61.8 ➟ 64.9 +3.1 36.9 ➟ 34.5 -2.4

Table 3. Ablation study. Quantitative evaluation of the contribu-
tion of each component in our proposed model.

AAL DE CLIP-I DINO DreamSim

✗ ✗ 77.9 +0.3 68.1 +0.4 31.3 -0.2
✗ ✓ 78.3 +0.7 68.4 +0.7 30.6 -0.9
✓ ✗ 78.3 +0.7 68.6 +0.9 30.6 -0.9
✓ ✓ 78.9 +1.3 68.9 +1.2 29.8 -1.7

[2] to perform semantic grounding on the corresponding
objects within the generated images to enhance the eval-
uation of fine-grained detail consistency. The evaluation
results on DreamBench++ [37] and CriticBench are pre-
sented in Tab. 1 and Tab. 2, respectively. As shown, our
method substantially improves the consistency between the
generated images and their corresponding reference images,
demonstrating strong capability in recovering details.

5.4. Ablation analysis
We validate the effectiveness of our proposed dataset and
conduct ablation studies on two key design components:
Attention Alignment Loss (AAL) and Detail Encoder (DE).

Qualitative comparisons. As presented in Fig. 4 and
Fig. 5, We compare the generation results of the model
before and after adding our proposed module. As shown
in Fig. 4, the results of the fine-tuned base model validate
the effectiveness of our proposed dataset. However, sim-
ple fine-tuning still leads to deficiencies in subtle local de-
tails. After introducing the AAL, the attentions from the in-
put and reference branches become concentrated on the re-
quired object and background regions, achieving attention
disentanglement and significantly improving the model’s
ability to correct local details. Meanwhile, as shown in
Fig. 5, after incorporating the DE, the model’s capability

Table 4. Agent chain discussions. Comparison between our pro-
posed agent chain and human annotations in locating required in-
put and reference patches.

Metric Mean IoU (%) mAP@50 (%)

Score 75.3 88.4

to interpret complex inputs is enhanced, enabling it to accu-
rately locate the target regions.

Quantitative evaluation, Following the setup in Sec. 5.3,
we perform consistency correcting on the generated results
of different methods using CriticBench, and report the av-
erage score improvements across all methods. As shown in
Tab. 3, fine-tuning the base model on our dataset alone al-
ready improves the consistency of generated images, verify-
ing the effectiveness of our proposed dataset. Moreover, in-
troducing either component individually leads to additional
performance gains, while combining both yields a further
and more substantial improvement. These results confirm
the effectiveness of our proposed modules and their syner-
gistic effect.

5.5. Discussion
To evaluate the effectiveness of our proposed agent chain
in locating input and reference patches, we manually anno-
tated the target regions requiring correction along with their
corresponding reference regions within the proposed bench-
mark. We then compared these human-defined bounding
boxes with those automatically predicted by our agent, and
quantified their alignment using the Intersection over Union
(IoU):

IoU =
|Bagent ∩Bhuman|
|Bagent ∪Bhuman|

, (8)

where Bagent and Bhuman represent the bounding boxes pre-
dicted by the agent and human annotators, respectively. Ad-
ditionally, we also compute the mean Average Precision
at a 50% IoU threshold (mAP@50), which assesses how
accurately the agent detects and localizes regions whose
overlap with the ground truth exceeds 50%. As shown in
Tab. 4, our agent achieves a mean IoU of 75.3% and a mean
mAP@50 of 88.4%, indicating its strong capability in ac-
curately querying and localizing fine-grained details.

6. Conclusions
In this paper, we introduce ImageCritic, a novel post-editing
correction framework designed to enhance the consistency
of customized image generation, and construct a reference-
degraded-target triplet dataset tailored to this task, enabling
more accurate correcting. Extensive experimental results
demonstrate that ImageCritic effectively mitigates incon-
sistencies in generated images, significantly improving de-
tail consistency across both open-source and closed-source
models.
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