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8. More Qualitative Results

In this section, we present more qualitative results of Om-
niGen2. OmniGen2 demonstrates unified and versatile ca-
pabilities across a wide range of tasks, including text-to-
image generation, image editing, in-context generation, and
others. Moreover, it exhibits strong generalization abilities,
allowing it to effectively tackle complex generation scenar-
ios with remarkable consistency and fidelity.

8.1. Text to Image

Figure 1 showcases OmniGen2’s robust capabilities in text-
to-image (T2I) synthesis. The model demonstrates high fi-
delity across a wide spectrum of conceptual and thematic
prompts, from fantasy scenes like a celestial staircase to
photorealistic portraits and dynamic actions. OmniGen2 ex-
cels in rendering intricate details, such as the water droplets
on the blue rose, and displays a sophisticated understanding
of complex lighting and composition, as seen in the dra-
matic glow of the girl wielding lightning and the serene am-
biance of the underwater scene. Crucially, these examples
also highlight the model’s native support for arbitrary as-
pect ratios, generating high-quality portrait, landscape, and
square images without distortion. This combination of con-
ceptual diversity, high fidelity, and flexible aspect ratio sup-
port validates OmniGen2 as a powerful and versatile T2I
generator.

8.2. Image Editing

Figure 2 demonstrates OmniGen2’s comprehensive suite of
image editing capabilities, showcasing its ability to interpret
a wide range of user instructions with high fidelity. The
model adeptly handles localized object manipulations, in-
cluding precisely adding (a hat), removing (a cat), replacing
(a sword with a hammer), and extracting subjects from their
backgrounds. Beyond object-level changes, OmniGen?2 ex-
cels at nuanced semantic alterations, such as modifying
facial expressions (adding a smile) and character motion
(changing a pose to waving). Furthermore, the model is ca-
pable of executing complex, global modifications that affect
the entire image, from changing backgrounds to performing
complete stylistic transformations (converting a photograph
into a 3D figurine). A key strength observed across all ex-
amples is the model’s ability to preserve the identity of the
subject and the integrity of unmodified regions, ensuring
coherent and believable results.

8.3. In context generation

Figure 3 showcases OmniGen2’s advanced capabilities in
in-context generation and editing, a challenging task re-
quiring the model to comprehend and manipulate subjects
provided in reference images. The model adeptly per-
forms compositional tasks, such as seamlessly integrating
a subject into a new environment (OBJECT + SCENE,
PERSON + SCENE) or combining multiple distinct sub-
jects into a coherent new image (ANIME + ANIME). In
these examples, OmniGen2 successfully preserves the high-
fidelity identity of each subject while harmonizing them
with the new context through appropriate adjustments in
lighting, scale, and placement. Furthermore, the model han-
dles complex in-context editing instructions. This includes
replacing a subject within an existing scene (OBJECT
REPLACE, PERSON REPLACE), where it not only swaps
the main element but also intelligently adapts its appearance
(e.g., color and accessories) to fit the new setting. These re-
sults demonstrate a sophisticated level of visual reasoning,
where the model goes beyond simple generation to perform
compositional and conditional editing based on multiple vi-
sual inputs.

8.4. Limitations

we also find several limitations of OmniGen2:

1) Performance Disparity Between English and Chinese
Prompts. As shown in the first row of Figure 4, prompts in
English generally yield better results than those in Chinese.
For instance, when using a Chinese prompt, the generated
image exhibits a minor inconsistency between input image
and edited image.

2) Limited Generalization to Certain Instructions. The
second row highlights OmniGen?2’s difficulty in modifying
human body shapes, likely due to the scarcity of real-world
data capturing such variations.

3) Sensitivity to Input Image Quality. As illustrated in
Figure 4, the quality of the generated output is highly sen-
sitive to the quality of the input image. When we input a
low-quality image (generated by adding noise to the raw
image), the resulting images exhibit significant degrada-
tion, with details becoming notably blurred. Furthermore,
downsampling the input image to a maximum dimension of
256 pixels leads to further loss of clarity and detail, and the
model’s ability to accurately follow generation instructions
is substantially reduced.

4) Ambiguity in Multi-Image Inputs. The third row of
Figure 4 demonstrates that the model’s performance im-
proves when the prompt explicitly specifies the correspon-
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Figure 1. Qualitative text-to-image generation by OmniGen2. Examples showcasing the model’s high fidelity to various text prompts
and its support for diverse aspect ratios.
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Figure 2. Versatile image editing with OmniGen2. The model skillfully handles a wide variety of instructions, from simple object
modifications to complex motion change and stylistic alterations.
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Figure 3. Qualitative results of in-context generation and in-context edit.



Make him smile
(Low resolution input))

Make him smile
(Low quality input)

Add the bird from image 1
to the desk in image 2

Figure 4. Visualization of OmniGen2’s Limitations. Line 1: The model performs poorly when processing Chinese prompts and low-
quality images. Line 2: The model often struggles to modify human body shapes accurately. Line 3: The model is sensitive to ambiguous

instructions involving multiple image sources.

dence between objects and their source images (e.g., “the
bird from image 1 and the desk from image 2”), indicating
a sensitivity to ambiguous multi-source instructions.

5) In in-context generation tasks, the model occasionally
fails to perfectly reproduce objects from the provided con-
text. Increasing the guidance scale of image can partially
alleviate this issue; however, it does not offer a complete
solution. We hypothesize that significant improvements on
such complex tasks may require further scaling of the model
size.

9. Other Experimental Details
9.1. Toy Experiment Verification for Omni-RoPE

Figure 5 provides the full loss curves for the toy recon-
struction experiment introduced in Section 3.3. The trends

are consistent with the quantitative results in Table 1 of
the main paper: both Omni-RoPE variants reduce the re-
construction loss much faster than the prior positional en-
coding designs. In particular, Qwen2-VL’s RoPE shows
a noticeable optimization plateau before converging, while
Lumina-Image-2.0’s design remains unstable for a substan-
tially longer period and converges to a worse final solution.

The zoomed-in view further highlights the late-stage be-
havior. Omni-RoPE already achieves a low and stable
loss floor, and adding the image index embedding mainly
improves the final fidelity and variance in the last stage
of training, yielding the best overall reconstruction qual-
ity. These results support our key design choice of disen-
tangling image identity from local spatial coordinates: it
preserves patch-wise correspondence across images while
avoiding the optimization difficulty introduced by entangled
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Figure 5. Full loss curves for the Omni-RoPE toy reconstruction experiment. Omni-RoPE converges substantially faster than prior
positional encoding schemes. The inset shows late-stage optimization, where adding image index embeddings yields the lowest and most

stable final loss.

global offsets.

9.2. Data Construction Pipeline

For multimodal understanding tasks, we utilize the dataset
provided by LLaVA-OneVision [21]. For T2I gen-
eration, our training corpus comprises approximately
140 million open-source images sourced from Recap-
DataComp [22], SAM-LLaVA [5], ShareGPT4V [7],
LAION-Aesthetic [37], ALLaVA-4V [4], DOCCI [27],
DenseFusion [23], JourneyDB [38], and BLIP3-o [6].
Furthermore, we incorporate 10 million proprietary im-
ages, for which we generate synthetic annotations using
the Qwen2.5-VL-72B [2]. For image editing tasks, we
collect publicly available datasets, including SEED-Data-
Edit [13], UltraEdit [49], OmniEdit [41], PromptFix [48],
and ImgEdit [47]. However, these open-source resources
often suffer from suboptimal image quality, limited instruc-
tion accuracy, and insufficient task diversity. To overcome
these constraints and better serve our research objectives,
we have meticulously constructed a new comprehensive
training dataset for this study. The subsequent sections pro-
vide a detailed account of our data construction pipeline.

9.3. In-Context Data

The in-context image generation task [20, 39, 43, 46] fo-
cuses on extracting a visual concept—such as a specific ob-
ject, identity or individual—from input images and accu-
rately reproducing it within newly generated images. This
task, also known as subject-driven generation [36], paral-
lels in-context learning in large language models: the im-
age generation model produces personalized outputs in real
time based solely on the provided context, without the need
for additional fine-tuning. While in-context image genera-
tion has been extensively explored due to its broad range of

applications, the community still faces a notable shortage of
high-quality datasets tailored to this task.

9.3.1. In-Context Generation

In-context generation tasks require modeling the diverse ap-
pearances of an object across different scenarios. To ad-
dress this, we leverage video data, which inherently capture
the same subjects under varying conditions across frames.
This temporal diversity enables the construction of train-
ing pairs in which subjects remain semantically consistent
but exhibit differences in pose, viewpoint, and illumina-
tion. As illustrated in Figure 6, our data pipeline begins
by extracting keyframes from each video and designating a
base frame. Using Qwen2.5-VL-7B-Instruct [2], we iden-
tify the primary subjects within the base frame, capital-
izing on the model’s vision-language capabilities to focus
on semantically salient entities while filtering out irrele-
vant background objects. The subject bounding boxes are
then obtained via Grounding DINO [26], conditioned on the
tags generated by the vision-language model. Subsequently,
SAM2 [34] is employed to segment and track identified sub-
jects in subsequent frames, with the last valid frame con-
taining all subjects selected to maximize appearance vari-
ation. To mitigate tracking errors—such as the inclusion
of visually similar but incorrect objects—we introduce a
VLM-based filtering step to ensure subject consistency. To
further enhance visual diversity, FLUX.1-Fill-dev' is used
to outpaint the subject with a novel background in the in-
put frame. We apply DINO [3]-based similarity filtering
to discard samples where the subject’s appearance deviates
significantly, and Qwen2.5-VL-7B-Instruct is leveraged to
assess both the semantic quality and consistency of the gen-
erated samples. Additionally, Qwen2.5-VL-7B-Instruct is

Uhttps://huggingface.co/black-forest-labs/FLUX.1-Fill-dev
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Figure 6. In-Context Generation Dataset Construction Pipeline. The final input images are outlined with a red border and the target image

is marked by a blue boundary.
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Figure 7. In-Context Editing Dataset Construction Pipeline. The final input and target images are outlined by red and blue consistent with

Figure 6.

used to generate concise object descriptions and detailed
captions for the base image, which are then integrated into
natural language instructions. The final training triplet com-
prises the instruction, the repainted image as input, and
the original image as output, providing semantically rich
and visually diverse supervision for multi-subject genera-
tion tasks.

9.3.2. In-Context Edit

We further extend the in-context generation paradigm to
editing tasks, introducing a new task termed in-context edit-
ing, as illustrated in Figure 7. Here, the model extracts rel-
evant elements from a context image and utilizes them to
edit a target input image.

The data source for in-context editing mirrors that of
in-context generation: two frames containing the same ob-
ject are selected, with one serving as the context clip and
the other as the target clip. Initially, object masks for

both frames are obtained using SAM2 [34]. For the con-
text image, FLUX.1-Fill-dev is applied to generate a new
background for the object via outpainting, encouraging the
model to focus on object-specific features. Subsequently,
FLUX.1-Fill-dev is used to inpaint the target clip, remov-
ing the object while preserving the original background to
create the input clip. Finally, Qwen2.5-VL-72B-Instruct [2]
generates a natural language description of the transforma-
tion from the input clip to the target clip, which is combined
with the object description from the context clip to produce
comprehensive natural language instructions.

9.4. Image Editing Data

9.4.1. Inpaint Data

Although most existing editing datasets are constructed
through inpainting techniques, they suffer from two primary
limitations: (1) substandard image quality, stemming from
both inherent low resolution and post-processing degrada-
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Figure 8. Create image edit pairs from videos. We first filter out frames belonging to different scenes to ensure contextual consistency, and

then remove frames that exhibit significant changes in viewpoint.

tion during inpainting. (2) Editing instructions are inac-
curate: previous work predefines editing instructions and
uses inpainting models to generate images based on these
instructions, but inpainting models have poor instruction-
following capabilities, causing a mismatch between editing
instructions and original-inpainted image pairs.

In this work, we select a small set of high-quality im-
ages from text-to-image data as our data source, applying
FLUX.1-Fill-dev for inpainting. We use the inpainted im-
ages as inputs and the original images as targets to ensure
high-quality target images. Additionally, we do not input
instructions to the inpainting model, allowing it to fill con-
tent randomly. After obtaining image pairs, we employ a
MLLM to write editing instructions based on these pairs.
We find that the latest MLLM(e.g., Qwen2.5-VL) excels
at writing editing instructions for original-inpainted image
pairs, resulting in a high-accuracy editing dataset.

9.4.2. Video Data

Traditional inpainting methods are inherently limited in
their capacity to construct diverse types of data, rendering
them inadequate for tasks such as action modification, ob-
ject movement, or expression changes. To address these
limitations, we additionally extract editing pairs from video
sources.

We show the pipeline in Figure 8. Image editing tasks
typically require localized modifications while preserving
the integrity of the surrounding context. To construct suit-
able image editing pairs from videos, it is essential to iden-
tify frame pairs that exhibit only local changes. We begin
by segmenting videos into distinct scenes to avoid pairing
frames across discontinuous contexts. Scene boundaries are
detected by analyzing average RGB pixel intensities, while
a rolling average of differences in the HSV color space en-
hances robustness to rapid motion. Within each identified
scene, we extract multiple frame pairs and evaluate their
differences using both DINOv2 [29] and CLIP [33]. Pairs

exhibiting substantial differences—indicative of viewpoint
changes—or negligible differences are filtered out.

Since camera viewpoints in videos often change even
within a single scene, further refinement is necessary. Exist-
ing approaches, such as vision-language models, are com-
putationally expensive and prone to inaccuracies, while
methods based on color histograms or pixel-level similar-
ity are either insensitive to spatial structure or overly sus-
ceptible to noise. To address these challenges, we divide
each image into multiple blocks and compare the color his-
tograms of corresponding blocks to assess their similarity,
effectively reducing the impact of noise. The proportion
of similar blocks is then computed to impose spatial con-
straints, serving as a reliable indicator of viewpoint consis-
tency. This strategy efficiently filters out frame pairs with
viewpoint changes while maintaining computational effi-
ciency.

Finally, for each retained image pair with a con-
sistent camera viewpoint, we employ Qwen2.5-VL-72B-
Instruct [2] to generate precise editing instructions, thereby
facilitating the construction of high-quality image editing
datasets.

9.5. Interleave Data

9.5.1. Interleaved Frames

We initially segment videos based on detected scene tran-
sitions and extract key frames from each segment. Subse-
quently, we construct two types of video frame sequences,
each comprising up to five frames: intra-scene interleaved
sequence composed of frames within identical scene and
inter-scene interleaved sequence composed of frames across
different scenes. Following frame sequence extraction,
we annotate each pair of consecutive frames with descrip-
tive captions using an MLLM to describe changes in ob-
ject actions and behaviors, variations in environment and
background, and differences in object appearances. Given
the substantial volume of required annotations, we employ
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Figure 9. Multimodal Reflection for image generation.
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Figure 10. Example of generation with reflection using OmniGen2. Left and middle: Successful correction via one round of reflection.
Right: an example of failed reflection, where the correct answer is incorrectly judged as wrong due to over-reflection.

Qwen2.5-VL-7B-Instruct for this process. Consequently,
we obtain 0.8 million interleaved data samples from video
sources, which serve to pretrain the model’s capacity for
processing continuous multimodal sequences.

9.5.2. Reflection Data

Inspired by previous advances in test-time scaling and self-
reflection of large language models [16, 17, 24], we further
explore the integration of reflection capabilities into mul-
timodal generation models and demonstrate how test-time
scaling can enhance the quality of image generation. In
this section, we focus on describing the construction of the

reflection data for subsequent model fine-tuning. The re-
flection data comprise an interleaved sequence of text and
images, beginning with a user instruction, followed by the
multimodal model’s generated image, and step-by-step re-
flections on the previous generated outputs. Each reflection
addresses two key aspects: 1) an analysis of the deficiencies
or unmet requirements in relation to the original instruction,
and 2) proposed solutions to address the previous image’s
limitation.

To construct self-reflection data, we select a small sub-
set from the training data (in the current experiment, we
only use data from the text-to-image task) and generate im-
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Figure 11. An illustrative example of evaluating the output image in the OmniContext benchmark.

ages through the model. Subsequently, we use an MLLM
to assess whether the generated images meet the instruction
requirements. If the images fail to adequately follow in-
structions or exhibit other quality issues, the model identi-
fies specific errors and suggests modifications. Initially, we
experimented with the DSG [9] evaluation framework to as-
sess instruction-image alignment. However, this approach
frequently led to hallucinations. Later, we discovered that
powerful multimodal models could handle this task directly,
so we employed Doubao-1.5-pro [12] to output issues and
modification suggestions. After obtaining the first round
of reflections, we append the generated images and corre-
sponding reflections to the original instructions and fine-
tune the model on these data. Once training is complete, we
continue inferring data (using the first round of reflection
data) to obtain a second round of images and corresponding
reflective data. This iterative process yields multiple rounds
of self-reflection data.

There is currently limited research on employing re-
flection mechanisms to enhance image generation tasks
within multimodal generative models. We hope that our
present work will contribute to advancing the development
of reasoning capabilities in the field of multimodal genera-
tion. After the model acquires initial reflective capabilities
through training with the current data, online reinforcement
learning algorithms can further enhance these capabilities,
which we leave for future exploration.

9.6. Reflection Fine-Tuning

We fine-tune OmniGen2 on reflection dataset following the
illustrated in Figure 9. The model’s enhanced reflection
capabilities are demonstrated through the examples in Fig-
ure 10. In the successful cases, the model effectively reflects
on the initial generated image, identifies its shortcomings,
makes appropriate corrections and terminate the generation

process at an appropriate point. However, it still faces chal-
lenges in reflection and correction. The model may over-
reflect on simple instructions, generating unnecessary re-
quirements or fails to revise the image. These issues arise
from the limited perception of the 3B-scale MLLM and in-
sufficient reflection data. In future work, we plan to scale
up the model and employ reinforcement learning to improve
reflection quality.

9.7. Training pipeline details

Detailed configurations for each stage are summarized in
Table 1.

Stage | Resolution | Task Type | Steps
256X2% | e Tusk | S0k
1. Pre-training 512%512 I/ﬁi—;;l_l%%k ggt
10241024 | \ 5k | Sk

2. SFT
3. RL Alignment | 512x512

| 1024%1024 | Mixed-Task | 100k
| Mixed-Task | 2.4k

Table 1. Details of the OmniGen2 staged training pipeline. The
curriculum progresses from general pre-training to general instruc-
tion alignment, with increasing task complexity and resolution.

9.8. OmniContext Details

The detailed metrics for each subtask are presented in Ta-
bles 2, 3 and 4. The pipeline to evaluate models on Omni-
Context as shown in Figure 11.



SINGLEf

Method ‘ Character ‘ Object ‘ Average
| PE SC Overall | PE SC Overall | PF SC  Overall

Flux.1 Kontext max [20] | 7.98 9.24 848 | 878 876 868 |838 9.00 858
Gemini-2.0-flash [15] 554 598 506 | 617 58 517 |586 593 511
GPT-4o [28] 889 9.03 890 | 940 874 9.01 |9.14 888 895
Infinite You [ 18] 7.81 5.15 6.05 - - - - - -
UNO [43] 756 648 660 | 778 665 683 |7.67 656 672
BAGEL [10] 772 486 548 | 856 6.06 7.03 |814 546 625
OmniGen [44] 712 758 721 | 766 504 571 | 739 631 646
OmniGen2 792 8.68 819 | 898 844 863 | 845 856 841

Table 2. Comparison on task type SINGLE from OmniContext. Prompt Following (PF), Subject Consistency (SC), and Overall scores are

reported (higher is better, 7).

\ MULTIPLE?t
Method ‘ Character ‘ Object ‘ Char. + Ob;. ‘ Average

‘ PF SC  Overall ‘ PF SC  Overall ‘ PF SC  Overall ‘ PF SC  Overall
Gemini-2.0-flash [15] | 3.65 3.02 291 250 5.02 2.16 426 5.80 3.80 347 4.62 2.96
GPT-40 [28] 9.17 9.03 9.07 9.06 8.90 8.95 8.34 8.89 8.54 8.86 8.94 8.86
UNO [43] 3.88 2.38 2.54 7.46 5.86 6.51 5.10 4.10 4.39 548 4.11 448
BAGEL [10] 6.14 4.86 5.17 7.54 6.10 6.64 6.74 6.28 6.24 6.81 5.75 6.02
OmniGen [44] 592 6.18 5.65 5.60 5.46 5.44 4.64 496 4.68 539 553 5.26
OmniGen2 7.30 8.10 7.45 7.98 7.74 7.80 7.60 8.34 7.93 7.63 8.06 7.73

Table 3. Comparison on task type MULTIPLE from OmniContext. Prompt Following (PF), Subject Consistency (SC), and Overall scores

are reported (higher is better, 1).

\ SCENE?
Method ‘ Character ‘ Object ‘ Char. + Ob;. ‘ Average

| PFE SC Overall | PE  SC Overall | PFE SC Overall | PE  SC  Overall
Gemini-2.0-flash [15] | 3.76 3.33  3.02 |4.02 522 389 |289 463 292 |356 439 328
GPT-40 [28] 9.05 8.88 890 |833 862 844 [871 857 860 |870 869 8.65
UNO [43] 274 250 206 |562 352 433 [522 386 437 |453 329 359
BAGEL [10] 456 394 407 | 612 550 571 |590 530 547 |553 491 508
OmniGen [44] 414 342 359 | 524 372 432 |556 484 512 | 498 399 434
OmniGen2 8.02 764 775 | 810 7.80 791 |8.08 7.88 793 |807 777 7.86

Table 4. Comparison on task type SCENE from OmniContext.
reported (higher is better, 1).

9.9. RL Generalization to Out-of-Distribution
Benchmarks

To further evaluate the generalization ability of our multi-
stage RL curriculum, we conduct experiments on out-of-
distribution (OOD) benchmarks that are not directly aligned
with our training rewards.

Specifically, we evaluate on Emu-Edit and OnelG-
Bench, which assess editing fidelity and general image gen-

Prompt Following (PF), Subject Consistency (SC), and Overall scores are

eration quality under diverse and challenging conditions.
These benchmarks differ from our training objectives and
thus provide a reliable measure of transferability.

As shown in Table 5, our full curriculum (Edit —
GenEval — IC) consistently outperforms the base model
and alternative training orders across all OOD metrics. This
demonstrates that our alignment strategy does not overfit to
specific reward signals, but instead learns generalizable ca-
pabilities that transfer across tasks.



Emu-Edit OnelG

Strategy
CLIP-It CLIP-Out? DINOfT Align.?
Base 0.877 0.309 0.823 0.7870
GenEval+Edit 0.909 0.311 0.894 0.8160

GenEval+Edit+IC ~ 0.886 0.312 0.858 0.8212
Edit+IC+GenEval ~ 0.868 0.310 0.826 0.8242
Edit+GenEval+IC  0.896 0.311 0.876  0.8289

Table 5. RL curriculum ablation on out-of-distribution (OOD)
benchmarks. Base denotes the model without RL.

Method Single object?  Two object! Countingt  Colorst Positiont  Color attribution  Overall{
SDv2.1 [35] 0.98 0.51 0.44 0.85 0.07 0.17 0.50
SDXL [31] 0.98 0.74 0.39 0.85 0.15 0.23 0.55
IF-XL 0.97 0.74 0.66 0.81 0.13 0.35 0.61
LUMINA-Next [50] 0.92 0.46 0.48 0.70 0.09 0.13 0.46
SD3-medium [1] 0.99 0.94 0.72 0.89 0.33 0.60 0.74
FLUX.1-dev [19] 0.99 0.81 0.79 0.74 0.20 0.47 0.67
NOVA [11] 0.99 0.91 0.62 0.85 0.33 0.56 0.71
OmniGen [44] 0.98 0.84 0.66 0.74 0.40 043 0.68
TokenFlow-XL [32] 0.95 0.60 0.41 0.81 0.16 0.24 0.55
Janus [42] 0.97 0.68 0.30 0.84 0.46 0.42 0.61
Janus Pro [8] 0.99 0.89 0.59 0.90 0.79 0.66 0.80
Emu3-Gen' [40] 0.99 0.81 0.42 0.80 0.49 0.45 0.66
Show-o [45] 0.98 0.80 0.66 0.84 0.31 0.50 0.68
MetaQuery-XL! [30] - - - - - 0.80
BLIP3-0 4B [6] - - - - R - 081
BLIP3-o' 8B [6] - - - - - 0.84
BAGEL [10] 0.99 0.94 0.81 0.88 0.64 0.63 0.82
BAGEL' [10] 0.98 0.95 0.84 0.95 0.78 0.77 0.88
UniWorld-V1 [25] 0.99 0.93 0.79 0.89 0.49 0.70 0.80
UniWorld-v1F [25] 0.98 0.93 0.81 0.89 0.74 0.71 0.84
OmniGen2 0.99 1 0.93 0.91 1 0.86. 0.95

Table 6. Evaluation of text-to-image generation ability on

GenEval [14] benchmark. f refers to the methods using LLM
rewriter.

9.10. GenEval Results

As shown in the Table 6, OmniGen2 excels at generating
images from complex, compositional prompts. Our model
achieves an impressive overall score of 0.95. This result
surpasses other powerful unified models like UniWorld-V1
(0.84) and BAGEL (0.88). It is crucial to note that this
SOTA performance is achieved with exceptional efficiency.
OmniGen?2 utilizes only 4B trainable parameters and was
trained on 15M T2I pairs and 50k prompts used in RL.
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