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Abstract

Image editing models are advancing rapidly, yet compre-
hensive evaluation remains a significant challenge. Existing
image editing benchmarks generally suffer from limited task
scopes, insufficient evaluation dimensions, and heavy re-
liance on manual annotations, which significantly constrain
their scalability and practical applicability. To address this,
we propose I2I-Bench, a comprehensive benchmark for
image-to-image editing models, which features (i) diverse
tasks, encompassing 10 task categories across both single-
image and multi-image editing tasks, (ii) comprehensive
evaluation dimensions, including 30 decoupled and fine-
grained evaluation dimensions with automated hybrid eval-
uation methods that integrate specialized tools and large
multimodal models (LMMs), and (iii) rigorous alignment
validation, justifying the consistency between our bench-
mark evaluations and human preferences. Using 121-Bench,
we benchmark numerous mainstream image editing models,
investigating the gaps and trade-offs between editing mod-
els across various dimensions. The dataset and code are
released at https://github.com/IntMeGroup/I21-Bench.

1. Introduction

Image editing has long been important tasks in computer
vision [9, 17, 40, 41]. Driven by the advancements of
large multimodal models (LMMs) [1, 7, 8, 18, 25, 35, 50],
image editing methods have made rapid progress in the
past few years, shifting from traditional local operations
to instruction-induced content modification [3, 54]. More-
over, the capabilities of editing models have also rapidly
expanded, achieving not only single-image editing (SE)
[3, 5, 6, 28, 54] but also more challenging multiple-image-
editing (ME) [9, 46]. The rapid evolution across tasks and
modalities underscores the urgent need for a new compre-
hensive benchmarks designed to rigorously assess these ad-
vanced capabilities.

“Equal contribution
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However, existing evaluation paradigms exhibit clear short-
comings, struggling to keep pace with the rapid advance-
ment of editing model capabilities. First, traditional metrics
[11, 12, 37] like PSNR or LPIPS [52] are fundamentally in-
adequate, as they primarily assess pixel-level similarity and
completely fail to evaluate whether complex semantic ed-
its have been correctly executed. Though some more recent
evaluation benchmarks [2, 15,23, 33, 34, 48] have attempted
to address this, they remain limited in both scope and gran-
ularity. Some benchmarks [15] possess a very limited test
scope [11, 16, 32, 42, 43], while others [10, 19, 45, 47, 53]
lack the independent, quantitative analysis in terms of fine-
grained dimensions which are crucial for editing model un-
derstanding and optimization. Furthermore, in terms of eval-
uation methods, current benchmarks face significant limi-
tations. Some rely on manual annotation methods that are
costly, non-scalable, and difficult-to-reproduce. Other ap-
proaches, such as score-based training methods [48], still
heavily rely on these manual annotations. Meanwhile, many
automated methods perform poorly when handling complex
semantic and cognitive tasks. More importantly, despite the
emergence of multi-image editing task [9, 40, 41, 46], ex-
isting evaluation frameworks almost entirely lack coverage
of such challenging tasks. A comprehensive and effective
image editing evaluation suite is still lacking.

To systematically address all the aforementioned limita-
tions, we propose 12I-Bench, a comprehensive benchmark
suite for evaluating image editing models. An overview
of the entire benchmark suite is shown in Figure 1. I2I-
Bench aims to provide a comprehensive, automated, fine-
grained, and human preference-aligned evaluation frame-
work. Firstly, our benchmark contains diverse tasks to
facilitate comprehensive evaluation. Specifically, a total
of 1000 prompts, systematically covering 10 carefully de-
signed task categories across both from single-image and
multi-image editing tsaks. Secondly, 12I-Bench contains
comprehensive evaluation dimensions. We propose a hi-
erarchical, decoupled evaluation framework with 30 fine-
grained dimensions. For each dimension, we define a re-
producible, automated hybrid evaluation pipeline, integrat-
ing specialized “specialist” tools for precision score predic-
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Figure 1. An overview of the proposed image-to-image editing evaluation benchmark suite, I2I-Bench. The process starts with our large-
scale Prompt Suite, which defines the editing tasks. These prompts are fed into the Editing Model to edit images. The prompts also
guide the selection of relevant dimensions from our hierarchical Evaluation Dimension Suite. Each dimension, in turn, specifies both the
automated Evaluation Method Suite (combining Specialists and Generalists) and the criteria for Human Annotation. Finally, the results
from the automated methods and human annotations are compared for Alignment Verification to ensure the reliability of our benchmark.

tion and general “generalists” for semantic understanding. rent models. These findings provide actionable insights to
Thirdly, we conduct rigorous alignment validation for 12I- guide future research toward addressing these fundamental
Bench. We conduct large-scale human preference experi- gaps.

ments to validate our automated metrics. This validation
confirms that our automated evaluation results, particularly 2. Related Work

those from our hybrid pipeline and LMM-based evaluators, .

achieve an extremely high consistency with human judg- 2.1. Image Editing Models

ment, ensuring the reliability of our benchmark. Finally, Image editing models have undergone rapid development in
12I-Bench provides in-depth benchmarking and action- recent years. Early models such as Instruct-Pix2Pix [3] in-
able insights. Using this comprehensive suite, we evaluate troduce instruction-based editing. Subsequent works such as
numerous mainstream image editing models. This analysis Emu-Edit [28] and Qwen-Image-Edit [40] focus on improv-
reveals key performance trade-offs, identifies critical bot- ing editing fidelity and blending quality. Recently, the emer-
tlenecks (such as failures in physical plausibility and ab- gence of multi-reference editing (ME) models, represented
stract reasoning), and exposes universal limitations in cur- by Nano-Banana [9] and DreamOmni2 [46], have expanded
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the scope of possible edits to include more complex tasks
such as cross-source attribute transfer and subject consis-
tency. This rapid iteration of model capabilities underscores
the growing need for more sophisticated evaluation method-
ologies [13].

2.2. Image Editing Evaluation Benchmarks

Existing evaluation benchmarks [14, 15, 24, 26, 27, 34, 48]
exhibit several limitations in their evaluation coverage of
current model capabilities. For instance, TedBench [15]
has a very limited test scope. EditBench [34] covers mul-
tiple editing types but relies heavily on expensive and hard-
to-reproduce manual annotations. To achieve automation,
EditVal [2] adoptes LMMs [51] for evaluation but strug-
gles with processing complex semantic and cognitive tasks.
LMMA4Edit [48] is also based on LMMs [1], but its evalua-
tion dimensions remain restricted to a limited set of aspects
such as perceptual quality, editing alignment, and attribute
preservation. In summary, there remains a clear gap due
to the lack of a comprehensive benchmark capable of fine-
grained, automated evaluation of advanced cognitive tasks,
especially for emerging multi-image editing tasks.

3. The 12I-Bench Suite

12I-Bench is a comprehensive benchmark suite composed of
three integral components for the systematic evaluation of
image editing models [40]: 1) a large-scale and structured
Prompt Suite that provides diverse test cases; 2) a hierar-
chical Evaluation Dimension & Method Suite that defines
fine-grained aspects of editing quality with the correspond-
ing quantitative methods; and 3) a Human Preference An-
notation protocol designed to validate the alignment of our
automated metrics with human judgment. An overview of
the entire benchmark structure is shown in Figure 1.

3.1. Prompt Suite

The 12I-Bench Prompt Suite contains 1000 meticulously
crafted prompts, equally split between single-image and
multi-image editing tasks. This structured collection pro-
vides broad and systematic coverage of common editing sce-
narios and challenges. Illustrative examples for each prompt
category are shown in Figure 2.

Single-Image Editing Prompts. This subset includes 500
prompts, structured as 100 base scenarios, each providing 5
prompts corresponding to the 5 SE categories, testing dis-
tinct aspects of single-image editing: Object Manipulation
(assessing fundamental global edits like adding, removing,
or replacing objects); Local Editing (evaluating precision
in local attribute modification); Hybrid Editing (challenging
models with complex, multi-part instructions requiring both
global and local changes); Text Rendering (focusing on text
accuracy); and World Knowledge & Reasoning (probing the
application of external knowledge).

Multi-Image Editing Prompts. This subset contains 500
prompts, with 100 base scenarios covering 5 task categories
of increasing complexity: Basic Combination (testing sim-
ple subject extraction and composition); Combination +
Content Editing (requiring subsequent attribute/pose edits
after combination); Combination + Text Rendering (adding
text to a composite scene); Combination + Editing + Text
(involving multi-step, mixed instructions); and Combination
+ Reasoning (demanding integration of external knowledge
based on the combined context).

Relationship Between Prompts and Dimensions. Our
prompt categories (organized by user task scenarios) and
evaluation dimensions (a fine-grained decomposition of
quality) have a deliberate “many-to-many” design. This al-
lows a single, complex prompt (e.g., from “Hybrid Editing”)
to holistically assess multiple fine-grained quality aspects
(e.g., “Blending Naturalness”, “Object Manipulation Accu-
racy”, and “Physical Plausibility”), simultaneously within
an integrated task, facilitating integrated quality assessment
beyond isolated dimension testing.

3.2. Evaluation Dimension and Method Suite

To comprehensively evaluate the diverse and complex edit-
ing tasks defined in the Prompt Suite, we design a hierar-
chical Evaluation Dimension and Method Suite. Traditional
image quality metrics (such as PSNR or LPIPS [52]) only
measure superficial pixel similarity and fail to assess the se-
mantic accuracy, physical plausibility, or logical coherence
in editing outputs. In contrast, our framework moves be-
yond low-level fidelity to evaluate deep semantic alignment
in image editing. Our evaluation suite comprises a total of
30 fine-grained evaluation dimensions, divided equally into
15 Single-Reference dimensions and 15 Multi-Reference di-
mensions. Within each category, the dimensions are further
divided into “Common Dimensions”, applicable across all
tasks for assessing fundamental quality, and “Specific Di-
mensions”, tailored to specific instruction types or editing
scenarios. Crucially, we define a reproducible evaluation
pipeline for each dimension, integrating two categories of
tools: “Specialists” and “Generalists”. Specialists refer to
mature, quantitative tools trained for specific tasks (e.g., Q-
Insight [20], ArtiMuse [4], DINOv3 [29]). Generalists refer
to powerful LMMs (Qwen3-VL-8B-Instruct [1]), which we
leverage to evaluate dimensions requiring complex seman-
tic understanding, world knowledge, and reasoning. In the
following, we present the definitions of the dimensions inte-
grated with their corresponding evaluation methods.

3.2.1. Single-Reference Editing Dimensions and Methods

The 15 single-reference dimensions are categorized into 7
Common Dimensions and 8 Specific Dimensions.
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__________________________ v

Object Manipulation: Remove the crown from
her head.

Local Attribute Editing: Change this brown horse into a
white horse.

s

t Rend : Wi CEAN
BREEZE" in a white artistic font at
the top of the sky.

from the man's hand and place an
~ 1 open backpack next to him, with a
| water bottle visible inside.

Single Image
Editing Example

Basic Combination: Please naturally blend the
three characters, Naruto from Figure 1, Luffy from
Figure 2, and Conan from Figure 3, into a single
image, having them stand side by side on a beach.

Figure 1 into the scene of Figure 2, having her sit on a rock in
front of the stone house. Please remove the crown from the
woman's head and change her dress color to green to match
the turf ...

Urban Journey

map from Figure 3. At the top center of the image, add the text ‘Urban Journey’ in a prominent artistic font. The font
color should be the same as the orange line in the subway map.

Combination + Editing + Text: Merge the lady from Figure 1 and the lady from Figure 2 into a single image, with the
subway map from Figure 3 as the background. Please replace the fan in the hand of the lady from Figure 1 with a
paper map, and change the denim skirt of the lady form Figure2 to a pair...

Combination + Reasoning: Merge the two ladies from Figure 1 and Figure 2 into a new
scene. The background map in Figure 3 is a real map, but the subway lines are fake. Infer
the corresponding city from the map; the new scene is to be in front of a famous ...

Multiple Image
Editing Example

Figure 2. Visualization of the 10 task categories in the I2I-Bench Prompt Suite. The left half shows 5 single-image editing (SE) tasks, from
“Object Manipulation” to “World Knowledge & Reasoning”. The right half shows 5 multi-image editing (ME) tasks, illustrating increasing
complexity from “Basic Combination” to “Combination + Reasoning”.

A. Common Dimensions

Common dimensions assess the fundamental quality of all
single-reference editing tasks.

Overall Image Quality and Aesthetic Quality. We eval-
uate the objective technical quality (e.g., clarity, noise) and
the artistic appeal of the image, respectively. We use special-
ist models Q-Insight [20] and ArtiMuse [4] to obtain direct
quantitative scores for these two dimensions, respectively.

Blending Naturalness and Generative/Editing Artifacts.
We evaluate the smoothness of the transition between the
edited region and its surroundings, and the introduction of
Artificial Intelligence (Al)-specific flaws (e.g., broken struc-
tures, unnatural textures). We employ the LMM VQA-
SLevel pipeline [31, 44], a method based on Visual Ques-
tion Answering (VQA). The LMM [1] is asked to choose
from a 5-level scale {“excellent”, “good”, “fair”, “poor”,
“bad”}, where each choice c; is assigned a weight w; €
{1,0.75,0.5,0.25,0}. The LMM’s logits z; are converted
to probabilities P; via the Softmax function. The final score
is the weighted average:

5
Scoresievel = Y w; - Poumi(ci|1, Q),

i=1

)

where [ represents the required image(s) for evaluation (e.g.,
Tgen, or the Iorig, Ioeq pair), and () is the question or instruc-
tion. For Editing Artifacts, the LMM receives oz, Igen, and
@, while for Blending Naturalness, it focuses on the integra-
tion in Jgen.

Instruction Following (Macro). We assess the model’s
overall understanding and execution of the instruction’s
core intent [30]. We reuse the LMM VQA-5level pipeline
(Eq. (1)) to evaluate the high-level semantic grasp.

Non-Edited Region Fidelity. We assess whether image re-
gions not targeted by the instruction remain unchanged post-

edit. We use a hybrid LMM-specialist pipeline. This pro-
cess combines LMM semantics with specialist precision: (1)
The LMM receives the original/generated images and in-
struction, generating a segmentation command (e.g., “seg-
ment the horse”). (2) The specialist segmentation model
Sa2VA [49] uses this command to generate corresponding
masks for the edited region, M.q;. (3) We invert this mask
(Mnon-edit = NOT(Megir)) to obtain the non-edited region
mask. (4) The specialist feature extractor DINOv3 [29] ex-
tracts feature vectors forig and feen from within Mpop-eqic- (5)
The final score is the cosine similarity between these vec-

tors:
f orig * f gen

Hforig” : ||fgen||

Physical Plausibility. We evaluate whether the edit adheres
to physical laws [36] (e.g., lighting, perspective, gravity).
We employ the LMM multi-question VQA (Multi-VQA)
pipeline. This is a two-stage process: (1) Question Genera-
tion: The LMM receives the original image(s) and instruc-
tion, and is prompted to design N closed-ended (Yes/No)
questions for the specific dimension (e.g., “Is the shadow
direction of the new object correct?”). (2) Question Answer-
ing: The LMM receives the generated questions (), original
image(s), edited image, and instruction, and answers ‘Yes’
or ‘No’ to each. The final score is the ratio of ‘Yes’ answers:

2

Scoreyybrid-sim =

Scoremuri-voa =
N
> I(LMM(Igen, Lovig, Qi) = “Yes”).

i=1

1 3)

B. Specific Dimensions
These 8 dimensions evaluate the execution quality of spe-
cific instructions.

Object Manipulation Accuracy, Local Attribute Accu-
racy, Action/State Change Accuracy, Spatial Accuracy.
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We evaluate task-specific accuracy, such as the correctness
of “add/remove/replace” object operations, the accurate ap-
plication of “change color/material” attribute modifications,
and the faithful execution of spatial descriptions (e.g., “to
the left of”). We primarily use the LMM VQA-2level
pipeline [21]. The LMM is asked a binary (Yes/No) ques-
tion regarding the success of the specific editing operation
(e.g., “Has the horse’s color been successfully changed to
white?”). The final score is the probability of the *Yes’ an-
swer:

Scorey jevel = Povm(‘Yes’| 1, Q). 4

Text Content & Style Accuracy. We assess the model’s
ability to render text in images, with correct spelling and
appropriate visual presentation. We use a multi-step hybrid
pipeline: (1) Content Accuracy: We use the specialist OCR
model GOT-OCR2.0 [38] to compute S. based on its dis-
tance (e.g., Levenshtein) from the target text. (2) Style and
Position: We use the LMM VQA-5level pipeline (Eq. (1)),
instructing the LMM to ignore spelling and provide a 1-5
discrete score (S;) based on style and position match. (3)
Score Fusion: The final score (Scoregy,,) is calculated by
combining S, (style score) and S, (content accuracy) as fol-
lows:

1.0 ifS.=1.0
5’5—1>>< 0.8 if0.8<S5.,<1.0
4 0.5 if0.6 <S5.<08
0.1 ifS. <0.6.

Scoresina = ( 5)

World Knowledge & Reasoning. We evaluate instructions
requiring external knowledge (e.g., “add a statue of ...”). We
use the LMM VQA-2level pipeline [21] (Eq. (4)) to judge
if the generated image matches a pre-defined correct answer
set.

Subject Identity Fidelity. We assesses whether a subject’s
core identity is preserved during attribute modifications. We
still use the hybrid LMM-specialist pipeline (Eq. (2)) to
compute feature similarity between the original and edited
images, but we only compare the segmented subject regions
directly (without mask inversion).

Composition & Interaction. We evaluate the logical in-
teraction and visual coherence between newly introduced or
altered elements and existing scene content. We reuse the
LMM multi-question VQA pipeline (Eq. (3)) to ask specific
questions about interaction plausibility.

3.2.2. Multi-Reference Editing Dimensions and Methods

The 15 multi-reference dimensions consist of 9 shared di-
mensions (reused from single-reference, with identical eval-
uation methods) and 6 multi-reference-specific dimensions.
These specific dimensions focus on evaluating cross-image
composition and consistency.

Non-Edited Element Fidelity. Assesses whether elements
from source images that are not designated as editing tar-
gets (e.g., background elements) are erroneously modified or
discarded during composition. We reuse the Hybrid LMM-
Specialist pipeline (Eq. 2). The LMM segments elements to
be preserved, inverts the corresponding mask, then DINOv3
[29] is applied to compute similarity on the non-edited ele-
ments.

Subject Consistency and Detail Fidelity/Preservation.
We assess the preservation of a subject’s identity and fine
details from its source image to the newly generated image.
We reuse the hybrid LMM-specialist pipeline (Eq. (2)) to
compute feature similarity, by directly comparing the seg-
mented subjects from the source and edited images (without
mask inversion).

Subject Extraction & Composition. We evaluate whether
subjects are completely extracted and correctly composed
into the new scene. We implement a two-step mul-
tiplicative scoring process: (1) The LMM VQA-2level
pipeline [21] (Eq. (4)) provides a binary score (Scorecount)
for the correct number of subjects. (2) Then multiplied
by the Scoreconsistency (calculated via the Subject Consis-
tency hybrid pipeline) to yield Scoregn,y = Scorecount X
Scoreconsistency .

Inter-Subject Consistency and Cross-Source At-
tribute/Pose Transfer. We assess the visual coherence of
subjects from different sources when composed together
(e.g., in lighting, scale, and style); or evaluate the fidelity
of transferring attributes or poses between subjects across
sources. We still use the LMM VQA-2level (Eq. (4)) or
Multi-VQA (Eq. (3)) pipelines to pose specific questions
about these complex cross-image interactions.

3.3. Human Preference Annotation

To validate the alignment of our proposed automated evalu-
ation dimensions (especially those relying on LMMs) with
genuine human perception, we conduct a large-scale hu-
man preference annotation experiment, following estab-
lished practices in benchmark development.

Model and Sample Selection. We evaluate 9 single image
editing and 4 multi-image editing models. For ME tasks,
all 4 models are compared in a pairwise manner. For SE
tasks, to manage annotation costs, we randomly assign a
unique combination of 4 models for comparison within each
of the 15 SE dimensions. We uniformly sample 85 items
(510 pairs) for all 30 evaluation dimensions to ensure broad
and representative coverage.

Annotation Process. We use a pairwise comparison (A vs.
B vs. Tie) format. For each sample, annotators are provided
with the source image(s), instruction, and a clear definition
of the specific dimension being evaluated. They are strictly
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Table 1. Results of the single-image editing benchmark. All scores are normalized; higher is better. Best scores are highlighted.

Model Action- Aesthetic- Blending-  Composition-  Editing- Image- Instruction- ~ Local-
State-Change Quality Naturalness ~ Interaction  Artifacts Quality Following  Attribute
Qwen-Image-Edit-2509 [40] 0.977 0.589 0.807 0.823 0.907 0.811 0.930 0.961
Step1X-Edit [22] 0.819 0.584 0.738 0.804 0.838 0.807 0.850 0.895
UniPic-2 [39] 0.964 0.567 0.733 0.819 0.798 0.799 0.862 0.941
Bagel [5] 0.781 0.584 0.669 0.752 0.756 0.810 0.785 0.865
FLUX.1-Kontext-dev [17] 0.882 0.592 0.697 0.753 0.753 0.823 0.787 0.851
Omnigen2 [41] 0.844 0.569 0.602 0.750 0.694 0.812 0.755 0.848
ICEdit [54] 0.722 0.590 0.599 0.734 0.623 0.797 0.680 0.784
GoT [6] 0.659 0.563 0.431 0.621 0.444 0.786 0.490 0.606
instruct-pix2pix [3] 0.343 0.552 0.176 0.542 0.173 0.769 0.221 0.404
Non-Edited- Object- Physical- Spatial- Subject-  Text-Content- World-
Model Fidelity Manipulation  Plausibility Accuracy Identity Style Knowledge Overall
Qwen-Image-Edit-2509 [40] 0.898 0.937 0.527 0.951 0.768 0.666 0.749 0.813
Step1X-Edit [22] 0.928 0.862 0.537 0.844 0.799 0.456 0.655 0.773
UniPic-2 [39] 0.818 0.927 0.562 0.930 0.677 0.372 0.605 0.767
Bagel [5] 0.938 0.838 0.502 0.808 0.830 0.438 0.668 0.742
FLUX.1-Kontext-dev [17] 0.852 0.804 0.479 0.813 0.694 0.404 0.570 0.727
Omnigen?2 [41] 0.891 0.810 0.488 0.793 0.764 0.434 0.532 0.713
ICEdit [54] 0.902 0.715 0.518 0.732 0.781 0.265 0.446 0.684
GoT [6] 0.897 0.596 0.399 0.500 0.760 0.038 0.469 0.575
instruct-pix2pix [3] 0.742 0.285 0.348 0.247 0.647 0.014 0.300 0.416

Table 2. Results of the multi-image editing benchmark. All scores are normalized; higher is better. Best scores are highlighted.

Model Aesthetic- Blending-  Composition-  Cross-Source- Detail- Image- Instruction-  Inter-Subject-
Quality Naturalness  Interaction Attribute Fidelity Quality Following ~ Consistency
Nano-Banana [9] 0.580 0.562 0.693 0.700 0.514 0.803 0.830 0.582
Qwen-Image-Edit-2509 [40] 0.566 0.556 0.665 0.628 0.506 0.800 0.744 0.564
DreamOmni2 [46] 0.555 0.579 0.604 0.510 0.478 0.827 0.658 0.556
Omnigen?2 [41] 0.531 0.546 0.587 0.518 0.462 0.827 0.620 0.543
Non-Edited-  Physical- Spatial- Subject- Subject-  Text-Content- World-
Model Fidelity Plausibility Accuracy Consistency ~ Extraction Style Knowledge Overall
Nano-Banana [9] 0.655 0.433 0.894 0.535 0.530 0.687 0.721 0.636
Qwen-Image-Edit-2509 [40] 0.613 0.424 0.893 0.516 0.505 0.660 0.044 0.604
DreamOmni2 [46] 0.609 0.388 0.762 0.472 0.434 0.323 0.210 0.562
Omnigen?2 [41] 0.564 0.346 0.749 0.463 0.445 0.479 0.038 0.545

instructed to judge only on that single dimension, disregard-
ing all other aspects. For example, when evaluating Subject
Identity Fidelity, annotators are instructed to select the im-
age that better preserves subject identity, even if it exhibits
noticeable artifacts in Blending Naturalness artifacts.

Win Ratio Calculation. We calculate a Win Ratio for each
model per dimension based on pairwise results. In this cal-
culation, a *win’ is assigned a numerical value of 1, a ’tie’ is
assigned 0.5, and a "loss’ is assigned 0. The final Win Ratio
for each model in a specific dimension is calculated as the
total score accumulated divided by the number of compar-
isons it participated for that dimension.

4. Experiments

In this section, we conduct a comprehensive evaluation of
a series of advanced image editing models using the pro-
posed I12I-Bench. We first present the detailed performance
of all models across 30 evaluation dimensions in Subsec-
tion 4.1. We then validate the consistency between the
121-Bench evaluation methodology and human perception
through large-scale human preference annotation. Finally,
we provide a deeper analysis by task category in Subsection

4.4 and a comparative analysis between single-image and
multi-image editing models in Subsection 4.5.

4.1. Evaluation by Dimension

We first present the main evaluation results of 12I-Bench
across all 30 fine-grained dimensions. The detailed scores
for all nine SE models and four ME models are presented in
Table 1 and Table 2, respectively. Key performance trends
and trade-offs are visualized in Figure 3.

For SE models, as illustrated in Figure 3(a)-(b), Qwen-
Image-Edit-2509 [40] excels in “Blending Naturalness” and
“Editing Artifacts”, and leads in most task execution di-
mensions (e.g., “Instruction-Following-Macro”). We also
identify clear model-specific trade-offs: Bagel [5], for in-
stance, attains high score on “Non-Edited-Element-Fidelity”
but low on “Blending Naturalness”, highlighting a conflict
between preserving the background and blending new con-
tent.

For ME models, Figure 3(c-d) reveals that these tasks pose
substantially greater challenges, with foundational quality
scores (e.g., “Aesthetic Quality”) being generally lower than
those in SE tasks. Nano-banana [9] demonstrates strong
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Table 3. Human Preference Alignment and Ablation Study. This table presents the Pearson correlation (p) coefficients between 121-
Bench automated metrics and human preferences (Win Ratio). The results show extremely high consistency across all 30 dimensions,
strongly validating the reliability of our evaluation methodology. The table also presents an ablation study comparing our hybrid I12I-Bench
pipeline vs. a Pure LMM-Baseline (general LMM VQA-5level), which validates our hybrid design.

Metric (SE) Action- Aesthetic- Blending- Composition- Editing- Image- Instruction- Local-
State-Change Quality Naturalness Interaction Artifacts Quality Following Attribute
Ours (p) 0.9839 0.9889 0.8866 0.9997 0.9006 0.9033 0.9960 0.9877
LMM-Baseline (p) 0.9769 -0.0643 0.8866 0.9851 0.8983 0.4154 0.9960 0.9842
Metric Non-Edited- Object- Physical- Spatial- Subject-  Text-Content- World- Overall
Fidelity Manipulation  Plausibility Accuracy Identity Style Knowledge
Ours (p) 0.9019 0.9787 0.8055 0.9303 0.9133 0.9979 0.9628 0.9425
LMM-Baseline (p) 0.7687 0.9673 0.6958 0.9191 -0.3494 0.8847 0.9506 0.7277
Metric (ME) Aesthetic- Blending- Composition-  Cross-Source- Detail- Image- Instruction-  Inter-Subject-
Quality Naturalness Interaction Attribute Fidelity Quality Following Consistency
Ours (p) 0.9034 0.6177 0.8951 0.9917 0.8767 0.6579 0.9248 0.9469
LMM-Baseline (p) 0.7138 0.6177 0.8205 0.9902 0.8092 -0.9202 0.9248 0.8293
Metric Non-Edited- Physical- Spatial- Subject- Subject-  Text-Content- World- Overall
Fidelity Plausibility Accuracy Consistency ~ Extraction Style Knowledge
Ours (p) 0.6459 0.9017 0.9008 0.9401 0.9732 0.9043 0.9523 0.8688
LMM-Baseline (p) 0.5978 0.8887 0.8230 0.6616 0.7763 0.8573 0.8534 0.6829
Image Instruct Image Instruct
Quality Following Quality Following
Composition Aesthetic R Composition Aesthetic 0.8 .
Interact. Quality World Object Interact. ~_ Quality World Subject
/ Knowledge Manip. Knowledge . Extract.
Physical Blending Physical Blending
Plausible Naturalness Plausible Naturalness
Text Local Text Spatial
Accuracy Attribute Accuracy Accuracy
Identity / 'Edit Detail Non-Edited
Fidelity Artifacts . . Fidelity Fidelity "
L e el i
Fidelity (a) ¥ 9 (b) Consist. (c) ' ' (d)
B Qwen-Image-Edit-2509 I SteplX-Edit @ UniPic-2 EEE Bagel nano-banana B DreamOmni2 B Omnigen2

Figure 3. Capability radar charts for the evaluated models on key dimensions. (a) Foundational Quality & Fidelity (SE models). (b) Task
Execution & Advanced Capabilities (SE models). (c) Foundational Quality & Fidelity (ME models). (d) Task Execution & Advanced

Capabilities (ME models).

overall performance, particularly in “World-Knowledge-
Reasoning”, where other models like Omnigen2 [41] and
Qwen-Image-Edit-2509 [40] completely fail. This signifi-
cant disparity, which highlights a fundamental gap in rea-
soning capabilities, is analyzed in detail in Section 4.5.

4.2. Validation of Human Alignment

To verify the reliability of I12I-Bench and its alignment with
human perception, we conduct a large-scale human annota-
tion experiment, as described in Subsection 4.2. We adopt
a pairwise comparison format and calculate a human prefer-
ence “Win Ratio” for each model in each dimension. We
then compute the Pearson correlation coefficient (p) be-
tween the I2I-Bench automated evaluation scores and the
human preference win ratios. As shown in Table 3 (see the
“Ours (p)” rows). we observe strong consistency across all
30 dimensions, validating the effectiveness of I2I-Bench.

4.3. Ablation Study on Evaluation Pipeline

To validate the necessity of our hybrid evaluation paradigm,
we conduct an ablation study comparing our method against
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a ‘“Pure LMM” baseline that uses the LMM VQA-5level
as the general-purpose evaluation method. As presented in
Table 3, a direct comparison between the “Ours (p)” and
“LMM-Baseline (p)” rows strongly supports the design of
I2I-Bench: the LMM baseline fails catastrophically on di-
mensions requiring specialist perception (e.g., Aesthetic-
Quality p = —0.0643 vs. our 0.9889), proving our “special-
ist” tools are indispensable. Simultaneously, our designed
“hybrid LMM-specialist” pipeline also significantly outper-
forms the LMM baseline on complex compositional tasks.
For specific accuracy dimensions, our selected LMM VQA-
2level method offers superior interpretability—its probabil-
ity output (P(‘Yes’)) allows for an intuitive 0.5 threshold to
classify an operation as ‘“successful,” a property the 5-level
score lacks. This ablation study confirms that [2I-Bench’s
hybrid design is critical for achieving robust, interpretable,
and highly human-aligned evaluation.

4.4. Evaluation by Task Category

The I12I-Bench Prompt Suite is systematically organized into
distinct task categories. To identify model-specific limi-



SE-Result: Performance by Task Category (Model: Qwen-Image-Edit-2509)

1. Object Manipulation 0.859 0.772 0.812 0.585 0.476

2. Local Editing 0.829 0.812 0.587 0.646

3. Hybrid Editing 0.876 0.816 0.807 0.589 0.570

4, Text Rendering 0.857 0.803 0.720 0.588 0.478

5. World Knowledge  0.805 0.786 0.785 0.783 0.812 0.715 0.596 0.467

Task Category (Prompt)

Instruct-
Follow

Attifacts ~ Element- Composition Image-  Blending Aesthetic-
Fidelity Quality Quality

Evaluation Dimension

Physical

ME-Result: Performance by Task Category (Model: nano-banana)

0.616 0.580 0.596 0.467 1. Basic Combination

0.794 0.806 0.667 0.526 0.576 0.514 0.400 2. Combi + Content Edit

907 0.799 0.694 0.580 0.584 0.446 3. Combi + Text Render
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Figure 4. Performances of top-performing SE and ME models on common dimensions across task categories. (1) The performance of
Qwen-Image-Edit-2509 (SE) as task cognitive complexity increases. (2) The performance of nano-banana (ME) varies across complex

combination tasks.
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Figure 5. Performance comparison between Single-Image Editing
(SE) and Multi-Image Editng (ME) tasks for Qwen-Image-Edit-
2509 and Omnigen2 on shared dimensions.

tations, we analyze the average performance on common
dimensions across these categories. As illustrated in Fig-
ure 4, for the top-performing SE model Qwen-Image-Edit-
2509 [40], foundational quality (“Image-Quality”’) remains
stable, but the cognitive complexity of the task signifi-
cantly impacts key capabilities. This trend is most evident
in the “Instruction-Following-Macro” dimension, showing
a steady decline from “Local Editing” (0.992) to “World
Knowledge” (0.805). A similar decrease is observed in
“Blending-Naturalness” (from 0.897 to 0.715), indicating
that as the task’s cognitive load increases, the model’s ability
to follow instructions and maintain fidelity degrades.

For the top-performing ME model nano-banana, as illus-
trated in Figure 4, we again observe stable “Image-Quality”
but identify two distinct bottlenecks. First, a “seman-
tic bottleneck” emerges in the “Combi + Content Edit”
task, the model achieves its lowest scores in fidelity-related
dimensions such as “Blending-Naturalness” (0.514) and
“Physical-Plausibility” (0.400). This suggests the com-
plex semantic task of “combining and then deeply modi-
fying” is a key challenge. Second, a “logic bottleneck”
is evident in the “Combi + Reasoning” task, the model
performs worst in “Composition-Interaction” (0.602) and
“Instruction-Following-Macro” (0.775), indicating that ab-
stract logic requirements hinder instruction understanding.

4.5. Comparative Analysis: SE vs. ME

Qwen-Image-Edit-2509 [40] and Omnigen2 [41] support
both SE and ME tasks, allowing for a direct comparison of
the challenges posed by multi-image inputs. As shown in
Figure 5, both models exhibit a general performance degra-

dation when shifting from SE to ME tasks. For Qwen-
Image-Edit-2509, its “Blending-Naturalness” score drops
from 0.807 (SE) to 0.556 (ME), and “Instruction-Following-
Macro” drops from 0.930 (SE) to 0.744 (ME). These results
indicate that processing and fusing information from multi-
ple image sources impose significantly higher demands on
model capabilities.

However, we must distinguish between performance drops
on comparable metrics and fundamental increases in task
difficulty. First, some metrics have different nuances (e.g.,
“Non-Edited Fidelity” in SE refers to “Region” fidelity,
whereas in ME it refers to “Element” fidelity). Second,
the most dramatic difference is in the “World-Knowledge-
Reasoning” dimension, where both models’ scores plummet
from acceptable SE levels (Qwen-Image-Edit-2509: 0.749,
Omnigen2: 0.533) to near-zero (Qwen-Image-Edit-2509:
0.044, Omnigen2: 0.038). This is not a “capability loss” but
reflects our intentional benchmark design. To test the upper
limits of advanced models, our ME prompts for this dimen-
sion involve high-difficulty abstract reasoning (e.g., Sudoku,
map recognition) far more complex than the knowledge re-
trieval tasks in SE. This result demonstrates that the “knowl-
edge retrieval” capability shown in SE tasks does not extend
to the “abstract logical reasoning” required in our ME tasks,
revealing a significant capability gap.

5. Conclusion

We propose 12I-Bench, a comprehensive image-to-image
editing benchmark [9, 40], featuring a systematic prompt
suite (10 categories) and a hybrid “Specialist-Generalist”
evaluation system (30 dimensions). Our large-scale study
validates its high consistency with human judgment and the
necessity of this hybrid design. Using this benchmark, we
reveal key cognitive trade-offs and universal limitations in
current models, particularly failures in Physical Plausibility,
multi-lingual Text Rendering, and Abstract Logical Reason-
ing. 12I-Bench provides a valuable tool to guide future re-
search in addressing these gaps.
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