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Abstract

Multimodal generative models can process instructions
in various modalities and demonstrate outstanding per-
formance across a wide range of image generation tasks.
However, their robustness in complex real-world scenar-
ios remains limited due to insufficient generalized instruc-
tion alignment. We introduce OmniGen2, a unified multi-
modal generator designed to follow complex, fine-grained
instructions. Our core contribution is a two-stage design
that first builds a strong, world-knowledge-grounded foun-
dation model and then aligns it using a progressive, multi-
task instruction tuning strategy. The foundation model fea-
tures a streamlined architecture with decoupled decoding
for versatile multimodal generation and a novel positional
encoding scheme to improve learning efficiency. We ground
this model in real-world knowledge using large-scale data
construction pipelines. Building on this foundation, we
propose a progressive, reinforcement-based alignment pro-
cess. This phase carefully schedules training tasks and re-
ward signals to foster cross-task knowledge transfer, signif-
icantly improving the model’s instruction-following capa-
bilities. Our models demonstrate competitive performance
on standard benchmarks and our dedicated in-context gen-
eration benchmark, OmniContext. We have released our
models, code, benchmark, and training datasets at https:
//github.com/VectorSpaceLab/OmniGen2.

1. Introduction

Multimodal image generation has witnessed rapid progress
in the past year. Generative models such as GPT-Image-
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1 [29], Flux [34], Qwen-Image [81], Seedream [66]
and NanoBanana [25] demonstrate increasingly broad and
versatile capabilities such as stylization, text rendering,
in-context generation, and knowledge-driven generation,
marking a significant step toward general-purpose gener-
ative intelligence. Given these diverse capabilities, it is
essential to perform multimodal instruction alignment to
ensure the controllability, semantic consistency and over-
all generation quality. This involves two key challenges.
The first is constructing a robust and versatile foundation
model. The model must be endowed with nascent instruc-
tion following capabilities and broad world knowledge,
while strictly avoiding over-training. The second is align-
ing the foundation model. This alignment requires explicit
and comprehensive reward signals and must ensure consis-
tency across all generation tasks.

Existing open-source generation models are somewhat
deficient as initial base model. Some models are specialized
and can not handle tasks beyond their training scope while
some are over-optimized towards specific aesthetic prefer-
ences, resulting in a severe loss of plasticity. Meanwhile,
instruction alignment requires the foundation model to pos-
sess a deep understanding of multimodal semantic and task
intent. Therefore, we aim to first establish a base model
which is simple, versatile and flexible.

The versatility of a generative model depends a lot on the
scale and diversity of its training data. Existing datasets are
typically generated either via inpainting models [80], which
have limited task coverage, or by retrieving images from the
Internet [84], which results in limited data volume and low
image quality. To address this, we develop extensive data
construction pipelines that leverage video sources, provid-
ing richer in-context and editing examples.

A strong architecture is equally crucial. OmniGen2
achieves unified multimodal generation by conditioning the
diffusion transformer on the variable-length hidden states
of a Vision Language Model (VLM), effectively leverag-
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background to park Remove the ducks Cross her arms
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to Ghibli Studio
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beautiful hat
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<|im_start|>system\nYou 
are a helpful assistant 
that ...<|im_end|>\n<|im_st
art|>user\n a photo of a 
yellow broccoli <|im_end|> 
\n<|im_start|>assistant\n

The generated 
images meet the 
user’s requirements, 
so there is no need 
to continue 
generating.

The broccoli in the 
image is green, but 
the description 
requires it to be 
yellow. The color of 
the broccoli should 
be changed to yellow.

The generated 
images meet the 
user's requirements, 
so there is no need 
to continue 
generating.

<|im_start|>system\nYou 
are a helpful assistant 
that ...<|im_end|>\n<|im_st
art|>user\n a photo of four 
stop signs<|im_end|> 
\n<|im_start|>assistant\n

The description 
mentions four stop 
signs, but the image 
only has two. Please 
add two more stop 
signs to the image.

Describe this image in short:

The image is a colorful, cartoon-
style illustration of a panda 
sitting on a green chair in front 
of a small, green tea shop. The 
shop has a striped awning and a 
sign with Chinese characters. 
The panda is holding a cup of tea 
and appears to be enjoying a 
relaxing moment. The 
background features greenery 
and a tree, creating a serene 
and peaceful atmosphere.
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Figure 1. Overview of versatile abilities of OmniGen2.

ing the VLM’s deep semantic understanding and rich world
knowledge. To support diverse tasks, we introduce Omni-
RoPE, which enhances spatial consistency across images
and improves cross-image localization. While conceptually
similar to MetaQuery [57], OmniGen2 differs in execution:
rather than using fixed-length query tokens, it conditions
the diffusion decoder on the VLM’s variable-length hidden
states, avoiding information bottlenecks. During the major-
ity of the training process, the VLM is frozen, and optimiza-
tion focuses on image rendering, making OmniGen2 more
efficient than models like Mogao [40] and BAGEL [17].

Once the foundation model is obtained via pre-training
and fine-tuning, we apply progressive reinforcement learn-
ing to facilitate instruction alignment of OmniGen2.
Specifically, we adopt Group Relative Policy Optimiza-
tion (GRPO) [67] and divide the instruction alignment pro-
cess into multiple sequential stages. At each stage, appro-
priate reward is selected to optimize the alignment for spe-
cific target tasks. The training sequence is carefully orga-
nized to promote inter-task transfer.

Our extensive evaluation of OmniGen2 reveals its com-
petitive performance across various task domains, including

text-to-image (T2I) generation, image editing (Edit), and in-
context generation (IC). Instruction alignment consistently
and significantly improves the performance of the base
model across all these tasks. Notably, for the in-context
generation task, there is currently a lack of well-established
public benchmark to systematically assess and compare the
key capabilities of different models. To mitigate this limita-
tion, we introduce the OmniContext benchmark, compris-
ing eight task categories specifically designed to evaluate
consistency across individuals, objects, and scenes.

In summary, our main contributions are as follows:
• We introduce OmniGen2, a powerful multimodal genera-

tive model that is systematically instruction aligned. The
model demonstrates superior instruction following abil-
ity, context consistency, and generation quality across di-
verse task scenarios.

• We establish an end-to-end pipeline to achieve compre-
hensive instruction alignment. This pipeline spans from
strong foundation model construction to dedicated multi-
task alignment.

• We present the OmniContext benchmark, a rigorous suite
designed to evaluate in-context image generation, provid-
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ing the community with a standardized tool to measure
progress in this key area.

2. Dataset Construction
To build a versatile and robust base model, high-quality,
large-scale, and diverse training data is essential. Our goal
is to equip the base model with broad world knowledge and
the ability to generate varied content. A key challenge is the
lack of high-quality public data for complex tasks like de-
tailed image editing and consistent in-context generation.
Therefore, we not only gather existing datasets but also
build our own scalable pipelines to create the high-quality
data needed to fill these gaps.
Foundational Knowledge and General Capabilities. To
build a strong foundation, we first curate a massive dataset
covering both multimodal understanding and text-to-image
(T2I) generation. For the former, we adopt LLaVA-
OneVision [35]. For T2I, we collect approximately 140M
open-source image-text pairs from diverse datasets [9–
12, 37, 38, 55, 65, 72], supplemented with 10M proprietary
images annotated by Qwen2.5-VL-72B [3].
Advanced Capabilities for Editing and In-Context
Tasks. To address the data scarcity in more complex do-
mains, we develop dedicated construction pipelines. For
image editing, we integrate public datasets such as SEED-
Data-Edit [22] and OmniEdit [80], and further construct
high-quality editing data using inpainting and video-based
pipelines. For in-context generation and editing, we build
our datasets from video sources to model consistent subjects
across varying scenarios. We employ vision-language mod-
els for subject detection, segmentation, and semantic filter-
ing, resulting in diverse and semantically consistent triplets
for training.
Fostering Higher-Level Reasoning. Finally, to push the
base model’s capabilities beyond simple generation, we
construct interleaved and reflection datasets to enhance tem-
poral reasoning and self-correction capabilities in multi-
modal models. Detailed pipeline steps, examples and the
capability of reflection are provided in Appendix 9.2, 9.3,
9.4, 9.5, 9.6.

3. Method
OmniGen2 is built on three key components: (1) a decou-
pled architecture for unified generation, (2) Omni-RoPE for
efficient contextual learning, and (3) a multi-stage train-
ing and alignment curriculum that progresses from broad
knowledge to fine-grained instruction following.

3.1. Overall Architecture
We aim to design a simple, efficient, and versatile architec-
ture for multimodal generation. Following this principle,
OmniGen2 utilizes decoupled pathways for text and image

generation. It employs two distinct transformer modules to
efficiently facilitate the concurrent support of both under-
standing and generation capabilities, as illustrated in Fig-
ure 2. The autoregressive transformer model is initialized
from a VLM (Qwen2.5-VL-3B [3]). This VLM provides
extensive world knowledge and deep understanding of mul-
timodal instructions. The diffusion transformer is randomly
initialized and dedicated solely to high-fidelity image syn-
thesis.

The two modules operate in sequence. First, the VLM
processes the input multimodal context. A special token,
<|img|>, is learned to distinguish the understanding and
generation tasks. The generation of this token triggers the
image generation. The corresponding hidden states from
the VLM are extracted and fed to the diffusion decoder
as a condition. It encodes high-level semantic instruction.
Besides the high-level semantic encoding from the VLM,
we incorporate low-level image features to ensure consis-
tency of fine-grained visual details for tasks like image edit-
ing. We utilize Flux-VAE [33] for this purpose. This ap-
proach avoids complex architectural modifications to the
pre-trained VLM, thereby preserving its powerful instruc-
tion understanding capabilities.

3.2. Diffusion Decoder
OmniGen2 employs computational efficient conditioning
mechanism for the diffusion decoder. Existing methods
such as MetaQuery [57] compressing instructions into a
fixed set of learnable query tokens can create an informa-
tion bottleneck. In contrast, OmniGen2 directly leverages
the rich hidden states from the VLM’s final layer. Further-
more, we utilize only the hidden states corresponding to text
tokens, as the VAE features already provide sufficient visual
detail.

Within the diffusion decoder, we adopt a unified trans-
former backbone, following the architecture of Lumina-
Image 2.0 [60], where the parameters are shared across
modalities. This design choice is motivated by the moti-
vation that language and vision share substantial seman-
tic representations. Consequently, parameter sharing pro-
vides a more natural and efficient means of cross-modal
alignment than maintaining separate pathways [17, 33, 34].
Meanwhile, this design facilitates more consistent informa-
tion exchange between modalities. Before processed by the
core transformer blocks, input conditioning signals (VLM
hidden states, VAE features, and noisy latents) are aligned
by a lightweight two-layer transformer refiner. This refiner
shares the same architecture as the transformer block em-
ployed in Lumina-Image 2.0.

3.3. Omni-RoPE: Unified Positional Encoding
We introduce Omni-RoPE, a positional encoding scheme
tailored for multimodal contexts with complex structural
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Predict

Autoregressive Transformer

ViT Tokenizer Text Tokenizer

Diffusion Transformer

Hidden States 
from AR model

Refiner Refiner Refiner

VAE

Change the 
color of her 
dress to blue.

[Assistant]
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Time 
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<|img|>

Text Tokenizer

[System] You 
are a helpful 
assistant.

[User] 

VAE

Figure 2. Architecture of OmniGen2. OmniGen2 employs separate transformers for autoregressive and diffusion. Two distinct image
encoders are utilized: ViT encodes images for input into the text transformer, while VAE encodes images for the diffusion transformer.
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Figure 3. Illustration of Omni-RoPE. Each token in the k-th image is assigned a three-dimensional positional identifier (∆(k)

I , h, w),
where ∆

(k)
I denotes the instance identity shared by all tokens within the same image, and (h,w) are the local 2D spatial coordinates

computed from (0, 0). This decomposition enables the model to distinguish different images while preserving local spatial consistency for
tasks such as image editing.

Method PosID PosIDk(h,w) Steps to Target ↓ Final Loss ↓
Lumina-Image-2.0’s (0, h+∆h, w +∆w) ∼2,500 0.017
Qwen2-VL’s (∆I , h+∆I , w +∆I) ∼1,200 0.005
Omni-RoPE (Ours)

(∆I , h, w)
∼800 0.003

+ Image Index Emb. ∼800 0.002

Table 1. Comparison of RoPE designs in the toy reconstruction
task. Models are trained to reproduce the k-th image among ran-
domly sampled inputs. We report the number of steps required to
reach the target (loss < 0.014). Omni-RoPE achieves both faster
convergence and lower final loss. Note: ∆h and ∆w denote the ac-
cumulated coordinate offsets in the height and width dimensions,
respectively, while ∆I represents the accumulated offset in the in-
stance dimension.

correspondence. Conventional positional encodings can-
not reliably distinguish multiple images or preserve spa-
tial alignment across editing operations. Omni-RoPE ad-
dresses this limitation by extending Rotary Position Embed-
ding (RoPE) [71] to a unified multimodal setting.

Unified formulation. As shown in Figure 3, each token
at coordinates (h,w) in the k-th image is assigned a three-
dimensional positional identifier:

PosIDk(h,w) = (∆
(k)
I , h, w), (1)

where ∆
(k)
I denotes the instance identity, which distin-

guishes different images or modalities, and (h,w) are the
2D spatial coordinates. All tokens from the same image
share the same ∆(k)

I , while the spatial mapping remains un-
changed, i.e., P(k)

h (h) = h and P(k)
w (w) = w. For text

tokens, this formulation naturally reduces to a standard 1D
positional index.

This decomposition separates image identity from intra-
image spatial layout. Spatial coordinates are computed lo-
cally from (0, 0) within each image, ensuring that corre-
sponding patches in input and output images receive identi-
cal embeddings, thereby preserving spatial alignment and
edit consistency. Meanwhile, ∆

(k)
I provides an explicit

channel for distinguishing visual instances, which is critical
for in-context image generation and multi-image reasoning.

Toy experiment verification. To evaluate positional
correspondence, we design a controlled toy task in which
a randomly initialized model is trained to reconstruct the
k-th image from multiple randomly sampled input images,
thereby isolating the effect of positional encoding. We mea-
sure efficiency by the number of training steps required to
reach a high-fidelity reconstruction target (loss < 0.014).
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As reported in Table 1, the RoPE variants used in
Lumina-Image-2.0 and Qwen2-VL [77] require substan-
tially more training steps to converge, indicating weaker
alignment across visual instances. In contrast, Omni-RoPE
converges markedly faster and achieves the lowest recon-
struction loss, demonstrating stronger spatial correspon-
dence and instance discrimination. Incorporating an image
index embedding [14] further improves the final reconstruc-
tion fidelity at no additional cost.

3.4. Foundation Model Training
We construct the foundation model using a two-stage
training pipeline comprising from-scratch pre-training fol-
lowed by supervised fine-tuning. To accommodate vari-
able context lengths in unified multi-task training, we em-
ploy FlashAttention2 [16] for efficient sequence process-
ing. The model is optimized using the Rectified Flow ob-
jective [2, 42, 47].
Pre-training. This stage focuses on learning general-
purpose visual and semantic representations from large-
scale datasets. The model is trained through a resolution-
based curriculum (2562 → 5122 → 10242). For each reso-
lution, we first conduct training on the text-to-image (T2I)
task to establish strong text–image alignment. Then, we in-
troduce a curated mixed-task dataset (covering image edit-
ing and in-context generation) to diversify the model’s ca-
pabilities.
Supervised Fine-Tuning. After pre-training, the model un-
dergoes SFT at 10242 resolution to refine high-level rea-
soning and compositional skills. We train on a mixture of
curated datasets and distilled data from proprietary models,
aiming to enhance instruction following and visual fidelity.

Through two-stage training, the model acquired initial
instruction-following skills and versatile generation capa-
bility, setting a foundation for subsequent alignment. De-
tailed configurations for each stage are provided in Ap-
pendix 9.7.

3.5. Instruction Alignment
We perform online reinforcement learning for multi-task
alignment via a progressive curriculum instead of a single
joint training stage to ensure stability and avoid task inter-
ference. The key challenge is to achieve synergistic gains
across tasks without degrading individual performance.

We define a sequence of training tasks S =
⟨T1, . . . , TN ⟩, where each task T = (τ, δ,R) consists of
a task type τ ∈ {T2I, Edit, IC}, a task instance δ, and a
reward signal R. Our goal is to cover all fundamental task
types for comprehensive alignment.

For τ = Edit and τ = IC, we adopt general-purpose
tasks to enhance instruction-following and compositional
abilities. As these tasks lack verifiable rewards, we em-
ploy learned reward models: EditScore [49] for Edit and

Qwen2.5-VL-72B [3] for IC. For τ = T2I, we select
GenEval, which provides verifiable rewards and exhibits
strong overlap with Edit and IC.

We exclude T2I tasks with limited generalization or high
reward-hacking risk. In particular, aesthetic rewards such
as HPSv3 [50] are omitted due to reward hacking, and spe-
cialized tasks (e.g., OCR) are excluded as they lack synergy
with general instruction-following.

This yields a three-stage curriculum ⟨T1, T2, T3⟩, trained
with Flow-GRPO [45]:
• T1 = (Edit, general editing, EditScore),
• T2 = (T2I, GenEval, Verifiable Reward),
• T3 = (IC, general in-context, Qwen2.5-VL-72B).

Our RL data includes 50k T2I prompts from Flow-
GRPO [47], 110k editing samples from EditScore [49], and
180k in-context data from Echo-4o [87].

4. OmniContext Benchmark
Rigorous evaluation is essential for generalized instruc-
tion alignment, particularly for reference-based tasks test-
ing core consistency. However, existing benchmarks fall
short, lacking support for multiple input images and diverse
tasks. For instance, DreamBench [64] only contains 30 ob-
jects and 25 prompt templates. And relying on simplistic
metrics like CLIP-I fails on multi-subject evaluation and of-
fers no explainability. To address these critical gaps, we
introduce OmniContext, a comprehensive benchmark de-
signed to assess a model’s ability to generate content con-
sistent with user-specified context images.

To bridge these gaps, we construct OmniContext using a
large-scale, manually collected dataset of high-quality im-
ages including personal photos, open-source images, ani-
mation stills and AI-generated images. These images are
grouped into three distinct categories — Character, Object,
and Scene — and exhibit diverse coverage across various
domains, as illustrated in Figure 4. We define three task
categories(SINGLE, MULTIPLE, and SCENE), each with
50 examples per subtask. SINGLE uses one context image,
MULTIPLE combines multiple subjects, and SCENE con-
ditions on environmental context.

Image–prompt pairs are constructed through a hy-
brid process combining MLLMs and manual annotation.
MLLMs first filter low-quality samples, after which ex-
perts select images based on clarity, aesthetics, and diver-
sity. Prompts are generated with GPT-4o and refined for
semantic and syntactic variety.

We use GPT-4.1 to assess outputs on three metrics:
Prompt Following (PF), Subject Consistency (SC), and an
Overall Score (geometric mean of PF and SC). Following
VIEScore [32], GPT-4.1 provides both scores (0–10) and
rationales to justify its evaluations. We believe the Omni-
Context will serve as a valuable resource for driving future
research in controllable, reference-based image generation.
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Figure 4. Overview of OmniContext benchmark. Left: Image
genres included in OmniContext. Right: Example images for each
genre in OmniContext.

5. Experiments

In this section, we conduct a comprehensive evaluation of
OmniGen2 to demonstrate its unified capabilities across a
wide spectrum of generation tasks. The overall comparison
results are presented in Table 2.

5.1. Visual Understanding

OmniGen2 leverages Qwen2.5-VL-3B-Instruct [3] for vi-
sual understanding. As shown in Table 2, our model demon-
strates robust multimodal comprehension, achieving solid
scores of 79.1 on MMBench [48], 53.1 on MMMU [91],
and 61.8 on MM-Vet [90]. These results confirm that Om-
niGen2 possesses a solid foundation for interpreting com-
plex visual and textual instructions, which is essential for
high-quality, instruction-aligned generation.

5.2. Text-to-Image Generation

We assess OmniGen2’s T2I generation capabilities on two
standard benchmarks: GenEval [23], which evaluates com-
positional generation, and OneIG-Bench [7] which evalu-
ate models across multiple dimensions, including prompt-
image alignment, text rendering precision, reasoning-
generated content, stylization, and diversity.

As shown in Table 2, OmniGen2 delivers strong im-
age generation performance on complex, compositional
prompts, achieving an overall score of 0.95 on GenEval.
This surpasses other powerful unified models such as
UniWorld-V1 (0.84) and BAGEL (0.88), as well as Qwen-
Image, a model specialized for T2I generation, highlight-
ing the effectiveness of the RL alignment strategy in Om-
niGen2. On the more comprehensive OneIG-Bench, Omni-
Gen2 continues to demonstrate competitive realism, achiev-
ing an overall score of 0.47, outperforming most existing
models and trailing only behind large-scale models such as
Gemini 2.5 Flash Image and Qwen-Image. More details are
provided in Appendix 8.1 and 9.10.

5.3. Image Editing
Image editing is a cornerstone of OmniGen2’s capabilities.
We rigorously evaluate its performance across three diverse
benchmarks: Emu-Edit [68], GEdit-Bench-EN [46] and
ImgEdit-Bench [88]. The results collectively demonstrate
that OmniGen2 achieve a strong performance in instruction-
based image editing.

As shown in Table 3, OmniGen2 exhibits an excep-
tional balance between edit accuracy and image preserva-
tion. On Emu-Edit, our model achieves the highest CLIP-
Out score (0.311), indicating it most effectively applies the
requested edits among all compared models. Concurrently,
it secures the second-best scores for CLIP-I (0.896) and best
scores for DINO (0.876), which measure the preservation of
unedited regions. This combination highlights OmniGen2’s
proficiency in making precise, localized changes without
disturbing the rest of the image. This strong instruction-
following capability is further confirmed on GEdit-Bench,
where OmniGen2 achieves the second-highest Semantic
Consistency (SC) score of 7.58 and the highest Perceptual
Quality (PQ) score of 7.94. This leads to a strong overall
score of 7.21, placing it among the top-tier models. This
score outperforms Gemini-2.5-Flash-Image and is second
only to Qwen-Image-Edit among open-source models. As
detailed in Table 2, OmniGen2 demonstrates compelling
performance on the comprehensive ImgEdit-Bench, notably
surpassing some strong open-source models like BAGEL.
More details are provided in Appendix 8.2.

5.4. In-context Generation
A distinguishing feature of OmniGen2 is its capacity to
perform in-context generation. We introduce the Omni-
Context benchmark to provide a comprehensive evalua-
tion of the performance of the existing model in this do-
main. OmniContext comprises eight subtasks, with over-
all scores for each subtask presented in Table 4. As the
inaugural model evaluated on this benchmark, OmniGen2
establishes a strong baseline, achieving an overall score
of 7.95, which surpass the powerful open-sourced model
Qwen-Image-Edit-2509. These results show OmniGen2’s
proficiency in disentangling the subject’s identity from its
original background and re-rendering it accurately accord-
ing to new textual instructions. OmniGen2 exhibits signif-
icant improvements over competing models in all types of
tasks, demonstrating superior prompt-following ability and
subject consistency. Among closed-source models, GPT-
4o [56] achieves the highest scores in the Overall metrics.
More details are provided in Appendix 8.3, 9.8.

5.5. Ablation Study
Our ablation study, detailed in Table 5, validates our princi-
pled curriculum by demonstrating the critical importance of
two key factors: the selection of tasks and reward signals,
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Model # Params Understanding Image Generation Image Editing In-context Generation
MMB↑ MMMU↑ MM-Vet↑ GenEval↑ OneIG-Bench-EN↑ ImgEdit-Bench↑ GEdit-Bench-EN↑ Single↑ Multiple↑ Scene↑

LLaVA-1.5 [44] - 36.4 67.8 36.3 - - - - - - -
LLaVA-NeXT [43] - 79.3 51.1 57.4 - - - - - - -

SDXL [58] - - - - 0.55 0.32 - - - - -
SD3-medium [1] - - - - 0.62 - - - - - -
FLUX.1-dev [33] - - - - 0.66 0.43 - - - - -
Qwen-Image [81] - - - - 0.91 0.54 - - - - -

Instruct-P2P [5] - - - - - - 1.88 3.68 - - -
MagicBrush [92] - - - - - - 1.90 1.86 - - -
AnyEdit [89] - - - - - - 2.45 3.21 - - -
Step1X-Edit [46] - - - - - - 3.06 6.70 - - -
IC-Edit [94] - - - - - - 3.05 4.84 - - -

UNO [83] - - - - - - - - 6.72 4.48 3.59
InfiniteYou [31] - - - - - - - - 6.05 - -
DreamO [54] - - - - - - - - 7.65 7.05 4.52
UMO [15] - - - - - - - - 7.78 7.14 6.78

Show-o [85] - - 27.4 - 0.68 - - - - - -
Janus-Pro [13] - 75.5 36.3 39.8 0.80 0.26 - - - - -
Emu3 [78] - 58.5 31.6 37.2 0.54 / 0.66† - - - - - -
MetaQuery-XL [57] 7B + 1.6B∗ 83.5 58.6 66.6 0.80† - - - - - -
BLIP3-o 8B [11] 7B + 1.4B∗ 83.5 58.6 66.6 0.84† 0.31 - - - - -
BAGEL [17] 7B + 7B∗ 85.0 55.3 67.2 0.82 / 0.88† 0.36 3.20 6.52 6.25 6.02 5.08
UniWorld-V1 [41] 7B + 12B∗ 83.5 58.6 67.1 0.84† - 3.26 4.85 - - -

Qwen-Image-Edit-2509 [81] 7B + 20B - - - - - 4.41 7.54 8.74 8.13 6.55
Gemini 2.5 Flash Image [25] - - - - - 0.55 4.28 7.10 8.77 8.06 7.01

OmniGen [84] 3.8B - - - 0.68 - 2.96 5.06 6.46 5.26 4.34
OmniGen2 3B + 4B∗ 79.1 53.1 61.8 0.95 0.47 3.69 7.21 8.41 7.73 7.86

Table 2. Comparison of different models across Understanding, Generation, Editing, and In-context Generation tasks. *: The first term
represents the number of parameters for text generation, while the second term corresponds to the number of parameters allocated for
image generation. † refers to the methods using LLM rewriter.

Method Emu-Edit GEdit-Bench-EN
CLIP-I↑ CLIP-Out↑ DINO↑ SC↑ PQ↑ O ↑

Gemini-2.0-Flash-Image [24] - - - 6.73 6.61 6.32
Gemini-2.5-Flash-Image [25] - - - 7.41 7.96 7.10
GPT-4o [56] - - - 7.85 7.62 7.53

Instruct-Pix2Pix [5] 0.856 0.292 0.773 3.58 5.49 3.68
MagicBrush [92] 0.877 0.298 0.807 4.68 5.66 4.52
AnyEdit [89] - - - 3.18 5.82 3.21
OmniGen [84] - - - 5.96 5.89 5.06
ICEdit [94] 0.907 0.305 0.866 5.11 6.85 4.84
Step1X-Edit [46] 0.860 0.304 0.782 7.09 6.76 6.70
BAGEL [17] 0.839 0.307 0.753 7.36 6.83 6.52
UniWorld-V1 [41] - - - 4.93 7.43 4.85
Qwen-Image-Edit-2509 [81] - - - 8.15 7.86 7.54
OmniGen2 0.896 0.311 0.876 7.58 7.94 7.21

Table 3. Quantitative comparison on Emu-Edit [69] and GEdit-
Bench-EN [46]. For Emu-Edit, CLIP-I/DINO measure consis-
tency with the source image, while CLIP-Out measures align-
ment with the caption of target image, CLIP-B/32 [61] and DINO-
S/16 [6] are leveraged for feature calculation. For GEdit-Bench,
SC (Semantic Consistency) evaluates instruction following, and
PQ (Perceptual Quality) assesses image naturalness and artifacts.
Higher scores are better for all metrics.

and the scheduling of the training sequence. For task selec-
tion, we highlight four crucial findings: (1) Tasks with lim-
ited skill overlap can cause negative interference, as shown
by OCR only training which degrades the GEdit Over-
all score from 6.28 to 6.13. (2) Conversely, well-chosen
tasks with skill overlap such as instruction following ex-
hibit strong synergy; the Edit & GenEval strategy sur-
passes both single-task baselines on their respective metrics
(GenEval: 0.95 vs. 0.94; GEdit Overall: 7.19 vs. 7.01).

(3) Reward signals about human preference pose significant
risks, with Edit & HPSv3 confirming reward hacking by
inflating the PQ score to 8.22 at the severe cost of collaps-
ing SC and IC scores. (4) accuracy reward signal is vital.
As shown by Edit only, whose IC score is higher than
IC only (7.71 vs. 7.38) because of excel performance
of EditScore [49] to enhance instruction following. Be-
yond selection, the training sequence is equally vital. This
is confirmed by comparing our final curriculum (Edit &
Geneval & IC) against an alternative ordering (Edit
& IC & Geneval), which results in a marked perfor-
mance drop (GEdit Overall: 7.21 vs. 7.06). We also observe
that prioritizing editing tasks leads to consistently better
performance than T2I-first. We hypothesize this is because
editing tasks with richer supervision build a robust foun-
dation for subsequent learning. And Additional results on
out-of-distribution (OOD) benchmarks are provided in Ap-
pendix 9.10, showing consistent improvements under our
RL curriculum. These findings collectively prove that both
careful selection and scheduling are essential to our princi-
pled alignment strategy.

6. Related Works
6.1. Multimodal Generation
Recent advances in multimodal generation have produced
models capable of both understanding and generating con-
tent across text, images, and video. Diffusion-based mod-
els, including the Stable Diffusion series [19, 58, 63],
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Method SINGLE MULTIPLE SCENE Average↑
Character Object Character Object Char. + Obj. Character Object Char. + Obj.

Flux.1 Kontext max [34] 8.48 8.68 - - - - - - -
Gemini-2.0-Flash-Image [24] 5.06 5.17 2.91 2.16 3.80 3.02 3.89 2.92 3.62
Gemini-2.5-Flash-Image [25] 8.62 8.91 7.88 8.92 7.39 7.29 7.05 6.68 7.84
GPT-4o [56] 8.90 9.01 9.07 8.95 8.54 8.90 8.44 8.60 8.80

InfiniteYou [31] 6.05 - - - - - - - -
UNO [83] 6.60 6.83 2.54 6.51 4.39 2.06 4.33 4.37 4.71
BAGEL [17] 5.48 7.03 5.17 6.64 6.24 4.07 5.71 5.47 5.73
Qwen-Image-Edit-2509 [81] 8.35 9.13 7.65 8.85 7.90 5.16 7.75 6.73 7.69
OmniGen [84] 7.21 5.71 5.65 5.44 4.68 3.59 4.32 5.12 4.34
OmniGen2 8.19 8.63 7.45 7.91 7.93 7.75 7.91 7.93 7.95

Table 4. Overall comparison of existing models on our proposed OmniContext benchmark. ”Char. + Obj.” indicates Character + Object.

Strategy GenEval ↑ OmniContext ↑ GEdit ↑

SC PQ Overall

Base (w/o RL) 0.78 7.18 6.72 7.20 6.28

Single-Task
Edit only 0.79 7.71 7.30 7.95 7.01
GenEval only 0.94 7.24 6.78 7.20 6.30
OCR only 0.78 7.33 6.65 7.15 6.13
IC only 0.78 7.38 6.97 6.98 6.39

Multi-Tasks
Edit & GenEval 0.95 7.68 7.52 7.95 7.19
Edit & OCR 0.81 7.70 7.28 7.96 7.06
Edit & HPSv3 0.77 6.82 6.87 8.22 6.88
Edit & IC & GenEval 0.93 7.65 7.33 7.92 7.06
Geneval & Edit & IC 0.94 7.80 7.49 7.97 7.21
Edit & GenEval & IC (Ours) 0.95 7.95 7.58 7.94 7.21

Table 5. Ablation study of multi-task reinforcement learning
strategies. T2I, Edit, and IC tasks are trained for 1500, 700, and
200 steps, respectively.

DALL·E [62], and Imagen [30], have achieved high-fidelity
image synthesis, while methods like ControlNet [93] and
T2I-Adapter [53] improve controllability, and StyleShot,
InstructPix2Pix, and EMU-Edit [5, 21, 69] support fine-
grained, instruction-guided editing. Unified image gener-
ation models such as OmniGen [84], UniReal [14], and re-
lated works [14, 51, 75, 84] extend this further, integrating
multiple tasks into a single model. Building on this foun-
dation, autoregressive multimodal models provide an alter-
native paradigm for unified generation [73, 74, 78]. There
are also hybrid approaches such as Show-o and Transfu-
sion [18, 26, 57, 70, 85, 95] combining autoregressive text
generation with diffusion-based image modeling. Several
works focus on adapting large language models for mul-
timodal generation [11, 17, 40, 76, 82]: These works are
trained with vast amount of data, obtaining powerful image
understanding and image generation capabilities.

6.2. Reinforcement Learning in Diffusion Model
Reinforcement learning has increasingly been adopted to
improve alignment in diffusion and flow-based models. For
text-to-image (T2I) generation, early works such as DDPO

and DPOK [4, 20] formulated diffusion sampling as a se-
quential decision process and optimized via KL-regularized
policy updates. Follow-up approaches including ReFL,
AlignProp [8, 59] refined this paradigm with more stable
reward optimization, improved credit assignment across de-
noising steps, and scalable preference-learning from hu-
man or synthetic feedback. More recently GRPO [67]
has become prominent due to its training stability and
efficiency. GRPO-based alignment method like Dance-
GRPO [86], Flow-GRPO [45], and Mix-GRPO [36] fur-
ther push the boundaries of alignment technology, outper-
forming traditional methods in both accuracy and scalabil-
ity [27, 39, 79]. For image editing or in-context generation,
RL has also been used to enforce text alignment and editing
faithfulness to ensure consistency between input and out-
put [15, 28, 49, 52]. Despite the rapid progress, most ex-
isting approaches optimize RL for a single task or a nar-
row alignment objective. In contrast, our work introduces
a multi-task RL pipeline that jointly aligns the model’s be-
havior across all three critical scenarios, achieving compre-
hensive, all-around alignment.

7. Conclusion

In this work, we present OmniGen2, a generative model
that is systematically instruction aligned. OmniGen2 ex-
plores two directions to enhance alignment performance:
constructing a robust and flexible base model, and develop-
ing a multi-task RL alignment scheme. OmniGen2 utilizes
a simple, efficient and flexible architecture to support di-
verse multimodal generation tasks. Our experiments across
standard benchmarks and our propose novel OmniContext
benchmark demonstrate OmniGen2’s semantic consistency,
versatile capabilities, and superior generation quality. In-
struction alignment has consistently and significantly en-
hanced the base model across various tasks. These results
suggest that instruction alignment may represent a crucial
step toward realizing general multimodal systems.
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