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Abstract

The remarkable success of diffusion models in text-to-image
generation has sparked growing interest in expanding their
capabilities to a variety of multi-modal tasks, including im-
age understanding, manipulation, and perception. These tasks
require advanced semantic comprehension across both vi-
sual and textual modalities, especially in scenarios involving
complex semantic instructions. However, existing approaches
often rely heavily on vision-language models (VLMs) or
modular designs for semantic guidance, leading to frag-
mented architectures and computational inefficiency. To ad-
dress these challenges, we propose UniAlignment, a uni-
fied multimodal generation framework within a single dif-
fusion transformer. UniAlignment introduces a dual-stream
diffusion training strategy that incorporates both intrinsic-
modal semantic alignment and cross-modal semantic align-
ment, thereby enhancing the model’s cross-modal consis-
tency and instruction-following robustness. Additionally, we
present SemGen-Bench, a new benchmark specifically de-
signed to evaluate multimodal semantic consistency under
complex textual instructions. Extensive experiments across
multiple tasks and benchmarks demonstrate that UniAlign-
ment outperforms existing baselines, underscoring the signif-
icant potential of diffusion models in unified multimodal gen-
eration.

Introduction
The emergence of unified models for image generation
and understanding (Team 2024; Xie et al. 2024a; Chen
et al. 2025c; Pan et al. 2025) reflects the growing demand
for general-purpose generative frameworks in multimodal
learning. Recent models, such as GPT-4o-Image (OpenAI
2025) and BLIP-3o (Chen et al. 2025b) have demonstrated
impressive capabilities in both visual comprehension and
generation, suggesting the feasibility of integrating diverse
vision-language tasks within a single architecture.

Despite these advances, achieving a fully unified mul-
timodal framework remains challenging. AR-based unified
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Caption: A prominent red bridge, known of the Golden Gate Bridge 
in California, spans across a body of water. The structure features 
wide red towers with vertical cream and steel cables extending 
across the sky. The Thunder Gate Bridge deck is visible beneath it. 
The bridge is set over a body of water, likely Sana Francisco bay, 
with some clouds scattered in the sky. In the background, there are 
distant green hills and scattered buildings on the shoreline. Several 
small sailboats are on the blue water, suggesting good activity…
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Figure 1: Showcase of UniAlignment’s capabilities. Our
approach enables a single lightweight DiT to handle diverse
multimodal tasks, including image understanding, genera-
tion, editing, perception, and personalization, achieving ver-
satile capabilities within a unified framework.

models (Wu et al. 2025a; Xie et al. 2024a; Zhou et al. 2024),
built upon transformer architectures adapted from large lan-
guage models (Bai et al. 2023; Touvron et al. 2023), exhibit
strong compositional reasoning and instruction-following
capabilities. However, these models typically depend on dis-
crete token-based decoding, which inherently constrained
their ability to capture fine-grained visual fidelity and con-
tinuous pixel-level manipulation necessary for high-quality
image synthesis and editing. In contrast, Diffusion-based
models (Rombach et al. 2022; Peebles and Xie 2023; Esser
et al. 2024; Black Forest Labs 2024) excel in generating
high-fidelity images through iterative denoising, but often
lack robust semantic perception.

Several methods employing hybrid architectures, such
as MetaQueries (Pan et al. 2025), Step1X-Edit (Liu et al.
2025), UniWorld-V1 (Lin et al. 2025), and OmniGen2 (Wu
et al. 2025b), which enhance diffusion with VLM guid-
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ance but remain structurally fragmented, involving mod-
ular designs and specialized connectors, thus diminishing
their generalizability and scalability. These approaches fail
to construct a unified model architecture, resulting in re-
dundant parameters that degrade both training and infer-
ence efficiency. Recent efforts (Li et al. 2025; Swerdlow
et al. 2025; Yang et al. 2025) attempt to construct a unified
model purely based on diffusion models. However, DualDif-
fusion (Li et al. 2025) despite employing a unified diffusion
transformer, suffers from task interference and weak seman-
tic grounding. UniDisc (Swerdlow et al. 2025) introduces a
purely discrete diffusion approach, which enhances token-
level alignment but limits pixel-level precision essential for
fine-grained editing. MMaDA (Yang et al. 2025) integrates
reinforcement learning to align reasoning process, but de-
pends on separate encoders, which increases complexity ar-
chitectural and undermines end-to-end optimization.

To address the aforementioned challenges, we propose
UniAlignment, a unified multimodal generative framework
based entirely on a single shared diffusion transformer archi-
tecture, designed to harmonize image understanding, gen-
eration, editing, and perception tasks. The model adopts
a dual-stream diffusion design, where a shared DiT back-
bone jointly parameterizes a continuous diffusion branch
for image synthesis and a discrete diffusion branch for
text-based understanding. This design enables a symmetric
and scalable modeling of both modalities within the same
generative space. By avoiding reliance on external vision-
language models (VLMs) and modular components during
inference, UniAlignment maintains high computational ef-
ficiency and structural simplicity. To further enhance multi-
modal coherence, UniAlignment introduces two lightweight
yet highly effective semantic alignment strategies. The first
is cross-modal semantic alignment between text-to-image
and image-to-text branches, corporating contrastive learning
into dual stream training. The second is intrinsic-modal se-
mantic alignment via intermediate feature matching, enrich-
ing the latent semantic during denoising process. As shown
in Fig. 2, these mechanisms significantly improve seman-
tic consistency of instruction following and robustness in
vision-language semantic grounding.

To enable collaborative optimization across multiple
tasks, we adopt a progressive multi-stage training strategy
on large-scale datasets to achieve balanced performance.
Furthermore, given the limitations of existing benchmarks,
which typically adopt simple semantics and rigid instruc-
tion formats, we construct a new benchmark, SemGen-
Bench, specifically designed to evaluate models’ semantic
fidelity and multimodal alignment under complex, composi-
tional instructions. Extensive experiments demonstrate that
UniAlignment achieves remarkable performance across di-
verse multimodal tasks, outperforming existing unified mod-
els in both general scenarios and challenging generation and
editing tasks. Our contributions can be summarized as fol-
lows:

• We propose UniAlignment, a unified multimodal gen-
erative model based on a single Diffusion Transformer,
demonstrating outstanding performance while maintain-

ing lightweight design and computational efficiency.
• We introduce two complementary semantic alignment

mechanisms that significantly enhances image-text se-
mantic consistency and instruction-following robustness.

• We construct a rigorous new benchmark SemGen-Bench
for evaluating multimodal semantic alignment under
complex, compositional instructions, establishing a high-
standard baseline for future research.

Related Works
Semantic Representation Alignment
Semantic representation alignment plays a pivotal role in
vision-language representation learning, significantly influ-
encing downstream tasks such as visual understanding and
generation. Early works (Radford et al. 2021; Sun et al.
2023; Zhai et al. 2023) leverage large-scale image-text
pairs and contrastive learning to construct multimodal pre-
training frameworks that align visual and textual modali-
ties. Other approaches (Li et al. 2022, 2023) introduce Q-
former (Zhang et al. 2024a) to bridge vision encoders and
language models, achieving parameter-efficient multimodal
adaptation. Building on these foundations, several meth-
ods focus on optimizing generative models through seman-
tic representation alignment. (Hudson et al. 2024; Wang
et al. 2025b; Ma et al. 2025) utilize diffusion feedback
to refine CLIP representations, aligning pretrained VLMs
with diffusion-based generation through self-supervised re-
construction. Others aim to enhance perceptual quality by
aligning internal representations between diffusion and vi-
sion models. Early works (Xiang et al. 2023; Wei et al.
2023; Tian et al. 2024) explore unified visual representation
learning via self-supervised diffusion training. VAVAE (Yao,
Yang, and Wang 2025) aligns high-dimensional visual to-
kens with backbone encoder features to push the limits of
reconstruction quality, while REPA (Yu et al. 2025b) intro-
duces intermediate-layer alignment between DiTs and pre-
trained vision encoders (Caron et al. 2021), improving con-
vergence and generation fidelity. Extending this idea, Soft-
REPA (Lee et al. 2025) employs contrastive learning with
learnable soft tokens to enhance text-image consistency. In
this work, we propose two semantic alignment strategies,
jointly optimizing semantic consistency and visual-language
grounding within a unified generative framework.

Unified Multi-Modal Generation Models
Recent breakthroughs in vision-language models (Google
2025; OpenAI 2025; Chen et al. 2025b) have driven a new
wave of innovation in multimodal large models, accelerating
the pursuit of unified frameworks for general-purpose gen-
eration. Early explorations (Wang et al. 2024; Team 2024;
Xie et al. 2024a; Wu et al. 2025a) focus on augmenting
LLMs with visual encoders, using autoregressive decoding
over pixel-level tokens to enable vision synthesis. Follow-
up works (Wu et al. 2025c; Qu et al. 2025; Xie et al.
2024b) investigate the impact of discrete or continuous vi-
sual tokenization on unified vision-language modeling, still
grounded within autoregressive transformer architectures. In
contrast, methods (Li et al. 2025; Swerdlow et al. 2025;

9117



(a) w/o and (b) w/ Cross-Modal 
Semantic Alignment

(c) w/o and (d) w/ Intrinsic-Modal 
Semantic Alignment 

A photo of a pink broccoli and a 
red sink.

(a) (b) (c) (d)

A vibrant orange pickup truck parked 
beside a sleek yellow Porsche 911 on a 

smooth gray asphalt road. 

Figure 2: Analysis of the proposed semantic representa-
tion alignment. (a–d) present the generated images with and
without the two semantic alignment mechanisms.

Yang et al. 2025) attempt to unify image generation and un-
derstanding via diffusion models, proposing dual-stream dif-
fusion frameworks that jointly model denoising processes in
discrete or continuous latent spaces.

However, achieving general-purpose multimodal gener-
ative models requires going beyond text-to-image synthe-
sis. A line of recent work (Brooks, Holynski, and Efros
2023; Zhang et al. 2023; Yu et al. 2025a; Shi, Wang, and
Huang 2024; Wei et al. 2024; Wang et al. 2025a; Liu et al.
2025) extends the capabilities of diffusion models to support
instruction-based image editing. More recent efforts (Mao
et al. 2025; Xiao et al. 2025; Zhang et al. 2025; Pan et al.
2025; AI et al. 2025; Huang et al. 2025; Lin et al. 2025) aim
to build multitask, generalizable visual generation frame-
works. Among them, (Pan et al. 2025; AI et al. 2025; Huang
et al. 2025; Lin et al. 2025) adopt a hybrid architecture, us-
ing connectors to bridge VLMs and diffusion backbones,
thereby combining semantic understanding with pixel-level
synthesis. Although representing a step towards integrating
visual understanding, generation, and manipulation, these
methods remain structurally fragmented, resulting in redun-
dant computation and a lack of architectural unification.

Method
In this section, we present UniAlignment, a unified frame-
work for multimodal generation tasks. We begin by in-
troducing the overall architecture, which jointly addresses
both image generation and understanding within a single
diffusion-based backbone. To meet the semantic alignment
demands posed by various vision-language generation sce-
narios, we propose two lightweight yet effective semantic
alignment strategies: cross-modal semantic alignment and
intrinsic-modal semantic alignment, implicitly enhancing
the semantic grounding capability of diffusion models with-
out additional parameters or learnable queries. To further
support balanced learning across diverse generation tasks, a
multi-stage training strategy is introduced to improve multi-
task performance by progressively optimization.

Unified Generation & Understanding Framework
Autoregressive models have demonstrated limited efficacy
in visual generation tasks, struggling with fine-grained spa-
tial coherence and semantic fidelity. In contrast, diffu-
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Figure 3: The training pipeline of UniAlignment. Text
diffusion (left branch) and image diffusion (right branch)
are both unified within a single Transformer with shared
weights. The central part illustrates the proposed cross-
modal semantic alignment and intrinsic-modal semantic
alignment. The image condition is set absent during T2I gen-
eration. Only parameters within the DiT blocks and the MLP
heads are optimized throughout the entire training.

sion models have shown remarkable potential for general-
purpose generation. Motivated by this, we leverage a single
diffusion transformer (DiT) to unify both visual generation
and visual understanding, without relying on VLMs or ex-
ternal visual encoders during inference.

As illustrated in Fig. 3, UniAlignment adopts a dual-
stream diffusion architecture, parameterizing both contin-
uous and discrete diffusion processes within a shared DiT
backbone. Inspired by DualDiffusion (Li et al. 2025),
this architecture simultaneously models image distribution
p(ximg) and text distribution p(xtxt). The continuous dif-
fusion branch targets image generation following the flow
matching principle (Lipman et al. 2022), with its training
objective defined as follows:

Limg = Et,qimg

∥∥vθ

(
xt
img, t,xtxt

)
− (ϵ− ximg)

∥∥2
2
, (1)

where xt
img denotes the noisy image at timestep t, vθ is the

predicted velocity field, and ϵ represents the noise.
The discrete diffusion branch, masked token prediction is

adopted to model the reverse process based on the masked
state of discrete tokens. Specifically, the model learns to it-
eratively denoise masked tokens, thereby approximating the
underlying data distribution in the discrete space:

Ltxt = Eqtxt

[
− 1

K

K∑
i=1

log
[
xθ

(
xti
txt,ximg

)
· x

]
/ti

]
, (2)

where timestep ti is determined based on the text sequence
length. The understanding and generation branches share the
same parameters throughout training, allowing both modal-
ities to be jointly optimized within a unified architecture.
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Edit_Semantic:
• Swap positions of the skier and the person on the left.

Edit_Multi:
• Change the snowboard on the left to a vibrant pink 

color.
• Make the skis in the center have a reflective metallic 

texture.
• Add a bright yellow stripe along the red snowboard 

on the right.

(a) (b) T2I_Long: Three people stand on a snow-
covered slope, each holding ski or 
snowboard equipment. On the left, a 
woman in a red jacket holds a blue 
snowboard with white patterns. In the 
center, a person in a yellow and blue ski 
suit carries two green skis with colorful 
designs. To the right, another individual in 
a brown jacket holds a red snowboard 
featuring bold graphics. The group stands 
close together against a bright white snowy 
backdrop, with faint shadows indicating 
sunlight from above. Their helmets and 
gloves add to the winter sports gear details.

T2I_Semantic: Three people stand on a snowy slope: 
one in red holding a blue snowboard on the left, another 
in yellow and blue with skis in the center, and a third in 
brown with a red snowboard on the right.Source Image

Figure 4: The proposed SemGen-Bench. (a) Visualization of clustered embeddings of image data. (b) Samples from the
proposed SemGen-Bench.

To support general-purpose multimodal generation, the
continuous diffusion branch extends beyond text-to-image
synthesis to include a broad range of conditional im-
age generation tasks, including image manipulation (e.g.,
instruction-based editing, subject customization, stylization)
and image perception (e.g., depth estimation, edge detec-
tion, and human pose prediction). The source images are
first encoded via a pretrained VAE to obtain conditional to-
kens, which are then concatenated with the noisy latents
and fed into the DiT blocks. During training, the contin-
uous diffusion branch receives both the conditional image
and the textual instruction as input, while the discrete diffu-
sion branch is conditioned on the target image and its cor-
responding caption. This design enables the incorporation
of visual conditions without architectural modifications, ad-
ditional encoders, or query tokens. The unified DiT frame-
work of UniAlignment allows seamless extension to a vari-
ety of multimodal generation tasks, maintaining lightweight
design and high efficiency, avoiding the semantic gap be-
tween autoregressive and diffusion-based paradigms.

Semantic Representation Alignment
Cross-modal Semantic Alignment. Although jointly
training bi-directional diffusion processes within a single
transformer allows for synchronized learning of generation
and understanding, the inherent differences in their opti-
mization objectives can lead to conflicting gradients and
suboptimal convergence. As illustrated in Fig. 2(a-b), these
conflicts often degrade instruction-following capabilities, re-
ducing the model’s text-image consistency. This highlights
the challenge of achieving balanced optimization in unified
multimodal frameworks.

To alleviate the conflict arising from bi-directional diffu-
sion training, we propose a solution that adjusts the direc-
tion of joint optimization. Our key insight is to leverage the
benefits of joint vision-language training to improve text-
image consistency through representation alignment within
the transformer. As contrastive learning has proven effective
in aligning multimodal representations in prior works (Rad-
ford et al. 2021; Li et al. 2022; Jia et al. 2021), we introduce
a contrastive objective over the output embeddings from the
dual diffusion branches. This objective encourages seman-
tic similarity between matched image-text pairs while sup-
pressing that of unmatched pairs. Specifically, given a batch

of N image-text pairs,we optimize the contrastive loss over
the corresponding embeddings to strengthen cross-modal se-
mantic alignment as follows:

LCross = − 1

N

N∑
i=1

log
exp (sim (Ioi ,T

o
i ) /τ)∑N

j=1 exp (sim (Ii,Tj) /τ)
, (3)

where Ioi and To
i denote the output embeddings from the

image and text diffusion branches, respectively. τ is the tem-
perature parameter.

Intrinsic-modal Semantic Alignment. Unified multi-
modal generation poses high requirements on a model’s rep-
resentational capacity, particularly in tasks such as image
editing and visual perception. These tasks require the model
to not only comprehend textual semantics but also accurately
perceive high-level visual attributes from images. However,
the T5 text encoder and the VAE used in DiT models are
pretrained independently on unimodal data, lacking the abil-
ity to capture the inherent semantic dependencies between
modalities. As a result, the model struggles with aligning
text and image semantics effectively. As shown in Fig. 2(c-
d), current DiT-based model exhibit limited semantic under-
standing, often failing to detect critical attributes embedded
in the textual instruction and image content.

To address the this limitation, we propose an intrinsic-
modal semantic alignment strategy that enhances the
model’s visual-linguistic perception without introducing ad-
ditional inference-time parameters. Inspired by REPA (Yu
et al. 2025b), we regularize intermediate hidden states of
the DiT blocks using semantic embeddings extracted from
a pretrained vision-language encoder. Specifically, for each
image-text pair, the target image and caption are passed
through a pretrained vision-language encoder to obtain se-
mantic embeddings hI and hT . These embeddings are then
aligned with the hidden states Imi and Imt from specific lay-
ers of the model’s image and text diffusion branches, respec-
tively. Two Multilayer perceptrons (MLPs) are introduced as
projection heads M to mitigate the dimension discrepancy.
The intrinsic-modal semantic alignment loss is defined as:

LIntrinsic

= − 1

N

N∑
n=1

[sim (hI ,M (Imi )) + sim (hT ,M (Tm
i ))] ,

(4)
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Type Method Params
T2I Generation Image Editing Understanding SemGen-Bench

GenEval DPG-Bench ImgEdit-Bench GEdit-Bench-EN MMB MMMU MM-Vet T2I Long T2I Sem Edit Multi Edit Sem

Gen. Only
SDXL - 0.55 74.7 - - - - - - - - -
SD3-medium - 0.62 84.1 - - - - - - - - -
FLUX.1-dev - 0.66 84.0 - - - - - - - - -
DualDiffusion - 0.65 81.3 - - - - - 7.71 7.29 - -

Edit. Only

Instruct-P2P - - - 1.88 3.68 - - - - - - -
MagicBrush - - - 1.90 1.86 - - - - - - -
AnyEdit - - - 2.45 3.21 - - - - - - -
Step1X-Edit - - - 3.06 6.70 - - - - - 6.24 6.10
IC-Edit - - - 3.05 4.84 - - - - - - -

Und. Only
LLaVA-1.5 - - - - - 36.4 67.8 36.3 - - - -
LLaVA-NeXT - - - - - 79.3 51.1 57.4 - - - -

Unified

Show-o - 0.68 67.27 - - - 27.4 - - - - -
Janus-Pro - 0.80 84.19 - - 75.5 36.3 39.8 - - - -
Emu3 - 0.54 80.60 - - 58.5 31.6 37.2 - - - -
BAGEL 7B+7B∗ 0.82 85.07 3.20 6.52 85.0 55.3 67.2 - - - -
Uniworld-V1 7B+12B∗ 0.80 81.38 3.26 4.85 83.5 58.6 67.1 6.42 5.58 4.76 5.77
OmniGen2 3B+4B∗ 0.77 83.57 3.44 6.42 79.1 53.1 61.8 7.95 7.90 6.40 5.61

UniAlignment 2B 0.81 85.64 3.25 6.57 80.6 61.3 63.0 8.07 7.97 6.85 5.98

Table 1: Comparison across Generation, Editing and Understanding tasks. *: The first term and the second term represent
the number of parameters for text generation and image generation, respectively.

where sim denotes the cosine similarity. Notably, both the
pretrained vision-language encoder and the MLPs are only
used during training and do not introduce any additional pa-
rameters during inference.

Based on aforementioned designs, the overall optimiza-
tion objective is the weighted sum of above loss functions:

L = Limg + λ1Ltxt + λ2LCross + λ3LIntrinsic (5)

The integration of semantic alignment facilitates fine-
grained semantic understanding of the lightweight DiT
framework and improves the model’s ability to capture
cross-modal dependencies across diverse generation tasks.

Multi-Stage Training
To effectively train a unified generative model across di-
verse tasks and modalities, we design a multi-stage train-
ing strategy that promotes task balance and gradual perfor-
mance improvement. In the first stage, we conduct image-
text pretraining using 2 million image-text pairs from Text-
to-Image 2M (Jacky Hate 2024) and an additional 10 million
curated internal samples, covering both captioning and gen-
eration tasks. This stage focuses on building foundational
alignment for both captioning and generation tasks. The sec-
ond stage is multi-task joint pretraining. We incorporate het-
erogeneous datasets, including image editing and visual per-
ception examples collected from previous works (Yu et al.
2025a; Zhang et al. 2023; Shi, Wang, and Huang 2024; Wei
et al. 2024; Yu et al. 2024; Lin et al. 2025), as well as GPT-
4o-generated samples. To adapt these datasets for text-image
joint training, we use vision-language models to generate
captions for target images lacking textual descriptions. To
prevent task-specific overfitting and catastrophic forgetting,

T2I samples are interleaved with conditional task data dur-
ing this stage. A hybrid batch sampling strategy is adopted,
where multiple data types are alternated within training iter-
ations, enabling balanced optimization across tasks. The fi-
nal stage is supervised finetuning using high-quality datasets
including BLIP-3o (Chen et al. 2025b), ShareGPT-4o (Chen
et al. 2025a), and LLaVA-OneVision (Li et al. 2024). The
progressive multi-stage training encourages the model to in-
crementally acquire multimodal competencies while miti-
gating optimization imbalance across diverse tasks.

Experiments
Implementation Details
We build UniAlignment upon the open-sourced SD 3.0
backbone (Esser et al. 2024). A frozen T5 text encoder is
employed, and image tokenization is performed using a pre-
trained VAE. The core architecture, a multimodal DiT, con-
tains only 2 million trainable parameters. The vision encoder
of Qwen2.5-VL-7B is utilized for intrinsic-modal semantic
alignment instead of CLIP or SigLIP due to their limited in-
put length for text tokens. The DiT embeddings are sourced
from a transformer block at depth 8, which we empirically
found to yield optimal performance.

Training images are resized to 512 × 512, and text se-
quences are truncated to 256 tokens. The model is trained for
80K steps in the first two stages and 30K steps in the fine-
tuning stage, totaling 25M training samples. During train-
ing, we adopt a constant learning rate of 3e-5 and weight
decay schedule of 1e-2. Gradient accumulation is employed
throughout all training stages, allowing for a total batch
size of 256. The overall loss function parameters are set as
λ1 = 0.2, λ2 = 0.05 and λ3 = 0.1.
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Method
GenEval DPG-Bench

Single obj Two obj Counting Colors Position Color attr Overall Global Entity Attribute Relation Other Overall

DualDiffusion 0.97 0.80 0.54 0.76 0.32 0.50 0.65 87.33 89.48 86.72 89.95 86.32 81.32
SDXL 0.98 0.74 0.39 0.85 0.15 0.23 0.55 83.27 82.43 80.91 86.76 80.41 74.65
SD3-medium 0.99 0.94 0.72 0.89 0.33 0.60 0.74 87.90 91.01 88.83 80.70 88.68 84.08
FLUX.1-dev 0.99 0.81 0.79 0.74 0.20 0.47 0.67 82.10 89.50 88.70 91.10 89.40 84.00
LUMINA-Next 0.92 0.46 0.48 0.70 0.09 0.13 0.46 82.82 88.65 86.44 80.53 81.82 74.63
OmniGen 0.98 0.84 0.66 0.74 0.40 0.43 0.68 87.90 88.97 88.47 87.95 83.56 81.16

Show-o 0.98 0.80 0.66 0.84 0.31 0.50 0.68 79.33 75.44 78.02 84.45 60.80 67.27
Janus 0.97 0.68 0.30 0.84 0.46 0.42 0.61 82.33 87.38 87.70 85.46 86.41 79.68
Janus-Pro 0.99 0.89 0.59 0.90 0.79 0.66 0.80 86.90 88.90 89.40 89.32 89.48 84.19
Emu3 0.99 0.81 0.42 0.80 0.49 0.45 0.66 85.21 86.68 86.84 90.22 83.15 80.60
TokenFlow-XL 0.95 0.60 0.41 0.81 0.16 0.24 0.55 78.72 79.22 81.29 85.22 71.20 73.38
BAGEL 0.99 0.94 0.81 0.88 0.64 0.63 0.82 88.94 90.37 91.29 90.82 88.67 85.07
Uniworld-V1 0.99 0.93 0.79 0.89 0.49 0.70 0.80 83.64 88.39 88.44 89.27 87.22 81.38
OmniGen2 1 0.94 0.64 0.88 0.45 0.70 0.77 88.81 88.83 90.18 89.37 90.27 83.57

UniAlignment 0.99 0.95 0.76 0.88 0.56 0.78 0.81 91.84 90.16 90.44 91.58 89.55 85.64

Table 2: Evaluation of text-to-image generation ability on GenEval benchmark and DPG-Bench.

Method
Gedit-Bench-EN ImgEdit-Bench

SC PQ O Add Adjust Extract Replace Remove Background Style Hybrid Action Overall

Instruct-P2P 3.58 5.49 3.68 2.45 1.83 1.44 2.01 1.50 1.44 3.55 1.2 1.46 1.88
MagicBrush 4.68 5.66 4.52 2.84 1.58 1.51 1.97 1.58 1.75 2.38 1.62 1.22 1.90
AnyEdit 3.18 5.82 3.21 3.18 2.95 1.88 2.47 2.23 2.24 2.85 1.56 2.65 2.45
OmniGen 5.96 5.89 5.06 3.47 3.04 1.71 2.94 2.43 3.21 4.19 2.24 3.38 2.96
Step1X-Edit 7.09 6.76 6.70 3.88 3.14 1.76 3.40 2.41 3.16 4.63 2.64 2.52 3.06
ICEdit 5.11 6.85 4.84 3.58 3.39 1.73 3.15 2.93 3.08 3.84 2.04 3.68 3.05
BAGEL 7.36 6.83 6.52 3.56 3.31 1.70 3.30 2.62 3.24 4.49 2.38 4.17 3.20
Uniworld-V1 4.93 7.43 4.85 3.82 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74 3.26
OmniGen2 7.16 6.77 6.41 3.57 3.06 1.77 3.74 3.20 3.57 4.81 2.52 4.68 3.44

UniAlignment 7.25 6.81 6.57 3.66 3.21 2.07 3.45 2.51 3.28 4.63 2.50 3.95 3.25

Table 3: Quantitative comparison on GEdit-Bench-EN and ImgEdit-Bench. For GEdit-Bench, SC (Semantic Consistency)
evaluates instruction following, and PQ (Perceptual Quality) assesses image naturalness and artifacts. Higher scores are better.

Evaluation Settings
To comprehensively evaluate UniAlignment, we access its
performance across multiple standard and newly proposed
benchmarks. Specifically, text-to-image generation is as-
sessed using GenEval (Ghosh, Hajishirzi, and Schmidt
2023) and DPG-Bench (Hu et al. 2024), while image edit-
ing capabilities are evaluated on GEdit-Bench-EN (Liu et al.
2025) and ImgEdit-Bench (Ye et al. 2025). To further inves-
tigate multimodal semantic fidelity under complex compo-
sitional instructions, we introduce SemGen-Bench. Qualita-
tive assessments on tasks such as image perception and per-
sonalization further indicate the versatility of our approach.

Main Results
As shown in Table 1, we conduct a comprehensive com-
parison of our proposed UniAlignment with state-of-the-
art models across text-to-image generation, image editing,
visual understanding, and the proposed SemGen-Bench.
Despite its compact scale (2B parameters), UniAlignment
achieves comparable overall performance across all tasks.

These results demonstrate the effectiveness of our unified
DiT architecture and semantic alignment strategies in en-
abling a lightweight, general-purpose multimodal frame-
work. Below, we detail the evaluation results for each task.

Detailed Task-specific Evaluation

New Evaluation Benchmark: SemGen-Bench A criti-
cal challenge in evaluating unified generative models lies
in assessing their ability of modeling multimodal semantics,
particularly under complex semantic instructions. Although
taking visual attributes into account, existing visual gener-
ation benchmarks primarily focus on single image synthe-
sis tasks, often under simplistic and narrowly defined set-
tings. For instance, Geneval (Ghosh, Hajishirzi, and Schmidt
2023) evaluates compositional subject attributes within im-
ages, but it restricts instruction length and format to prede-
fined templates, limiting its applicability to arbitrary tex-
tual inputs. GEdit-Bench (Liu et al. 2025) and ImgEdit-
Bench (Ye et al. 2025) target real-world image editing but
confined to single-turn instructions with limited semantic
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Method Time
T2I-Long T2I-Sem Edit-Multi Edit-Sem

IC PQ O IC PQ O IC PQ O IC PQ O

DualDiffusion 2s 7.86 7.65 7.71 7.49 7.54 7.29 - - - - - -
Step1X-Edit 91s - - - - - - 6.16 6.65 6.24 6.43 6.84 6.10
UniWorld 21s 5.86 7.82 6.42 5.13 7.59 5.58 4.22 7.16 4.76 5.98 6.95 5.77
OmniGen2 37s 8.29 7.72 7.95 8.29 7.77 7.90 6.42 6.72 6.40 5.97 6.70 5.61
UniAlignment 2s 8.53 7.80 8.07 8.48 7.69 7.97 6.94 7.03 6.85 6.23 6.80 5.98

Table 4: Overall comparison on our proposed SemGen-Bench. Instruction Consistency (IC), Perceptual Quality (PQ) and
Overall Scores (O) are represented. “Time” denotes the average generation time of each image.

An awe-inspiring depiction of a gargantuan space squid, its tentacles wrapped tightly 
around a vividly colored planet, as it seems to consume the celestial body. The backdrop 
is a tapestry of outer space, scattered with twinkling stars and nebulous clouds, rendered 
in exquisite detail that highlights the surrealism of this cosmic horror…

DualDiffusion UniWorld-V1 OmniGen2 UniAlignment

An intricately detailed character drawing by Bastien Lecouffe Deharme featuring an 
elderly gentleman with long, flowing grey hair. He possesses majestic, large grey 
wings that extend from his back, conveying both wisdom and strength. The refinement 
of the character is further accentuated by a polished monocle nestled over one keen eye, 
and he is dressed in sophisticated attire that hints at a bygone era of elegance.

A modern interior scene featuring a sleek, white pedestal standing squarely on a 
polished concrete floor. Atop the pedestal rests an avant-garde, mesh-like structure, its 
curves and interwoven lines resembling a futuristic sofa. Behind this unique piece of 
furniture, there is a crisp white wall, upon which hangs an assortment of small, framed 
pictures and decorative shelves holding minimalist ornaments.

Figure 5: Comparison of text to image generation with
opensource approaches. The underlined parts emphasize
the details in the text instructions.

depth. Prompts in these benchmarks are often direct and
lack the complexity required to evaluate fine-grained seman-
tic perception. To address these limitations, we introduce
SemGen-Bench (Semantic Generation Benchmark), a
large-scale benchmark designed to measure model’s visual
generation performance in semantically challenging scenar-
ios. It spans both image generation and editing tasks under
diverse and semantically rich instructions, providing a com-
prehensive assessment of multimodal generative models.

As illustrated in Fig. 4, SemGen-Bench comprises four
task categories: (1)T2I Long (long-form text-to-image gen-
eration) includes instructions exceeding 200 tokens, test-
ing the ability to process extended contextual informa-

Step1X-Edit UniWorld-V1 OmniGen2 UniAlignmentSource

Make his beard longer.

Add a candle on top of the cake.

Modify it into an Impressionist oil painting.

Figure 6: Comparison of instruction-guided image edit-
ing.

tion. (2)T2I Sem (semantically complex text-to-image gen-
eration) demands descriptions incorporating object count,
color, spatial relationships, background attributes and log-
ical reasoning. (3)Edit Multi (multi-turn image editing) in-
volves three parallel editing instructions applied to a single
image, evaluating the ability to execute coordinated transfor-
mations. (4)Edit Sem (semantically complex image editing)
focuses on modifying object-level attributes while requiring
semantic reasoning beyond surface-level changes. Each cat-
egory contains 150 examples covering a wide range of enti-
ties and scenes.

To construct SemGen-Bench, we adopt a hybrid pipeline
combining MLLMs with human annotation. Raw images
from MSCOCO (Lin et al. 2014) are filtered to remove sam-
ples with low quality and extreme aspect ratios. Next, a
multimodal embedding model (Zhang et al. 2024b) is em-
ployed to extract vector representations of text-image pairs,
followed by hierarchical clustering to obtain 15 semanti-
cally diverse categories. Image samples are selected from
each category to ensure diversity and balance in the test set.
Prompt instructions are first generated using Qwen2.5-VL-
72B (Bai et al. 2025), then manually refined to ensure broad
diversity in both semantic content and syntactic structure.

To ensure fair evaluation under complex semantic condi-
tions, we adopt an MLLM-based protocol to assess model
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Place the person standing on the dock under 
moonlight, with the airplane flying low in the 
background.

Place the person and elephant naturally inside the 
background, maintaining realistic proportions.

Figure 7: Showcases of image perception and personal-
ization. UniAlignment is capable of predicting canny, depth,
pose as well as single and multiple subject personalization.
Image perception results are compared with UniWorld.

outputs across three dimensions: Instruction Consistency
(IC), Perceptual Quality (PQ), and an Overall Score. Follow-
ing the VIEScore framework (Ku et al. 2024), outputs are
rated on a 0–10 scale using MLLMs. The SemGen-Bench
will serve as a valuable benchmark for advancing research
in unified multimodal generation.

Text-to-Image Generation. As shown in Table 2,
UniAlignment achieves highly competitive performance
with state-of-the-art methods across all evaluated subcate-
gories. Notably, UniAlignment achieves the highest over-
all score on DPG-Bench demonstrating superior capability
in handling dense textual prompts. Additionally, UniAlign-
ment secures the second-highest score on GenEval with a
marginal gap of only 0.01, underscoring its robustness in se-
mantically understanding visual attributes. Qualitative com-
parisons with three unified generation methods (Li et al.
2025; Lin et al. 2025; Wu et al. 2025b) are presented in
Fig. 5. The visualization results exhibit stronger consistency
with textual prompts of UniAlignment compared to existing

(a) CLIP score of generated captions and images

(b) GenEval score of generated images

Figure 8: Ablation results of semantic alignment.

methods, while also achieving superior visual fidelity.

Image Editing. As shown in Table 3, UniAlignment ranks
second only to the specialized editing method Step1X-
Edit (Liu et al. 2025) on GEdit-Bench, outperforming Uni-
World (1.72) and OmniGen2 (0.16). Notably, UniAlignment
achieves the highest score in Semantic Consistency, high-
lighting its strong capability for joint visual-linguistic se-
mantic grounding. On ImgEdit-Bench, UniAlignment con-
sistently ranks in the top three across nearly all met-
rics, demonstrating robust and consistent performance in
instruction-based image editing tasks. Qualitative visualiza-
tions with open-sourced approaches are provided in Fig. 6.
Without relying on VLMs or additional visual encoders,
UniAlignment demonstrates superior editing performance
compared to other methods, effectively balancing fidelity to
the original image and adherence to the instructions.

Evaluation on SemGen-Bench. To rigorously bench-
mark generation performance under complex semantic in-
structions, we evaluate different models on our proposed
SemGen-Bench, which includes tasks involving long-form,
complex and multi-step instructions, as shown in Table 4.
UniAlignment achieves top-2 performance across nearly all
evaluated categories. Importantly, since our framework does
not rely on external VLMs at inference, it achieves signifi-
cantly faster generation time, highlighting the efficiency of
its unified diffusion-based architecture. These results further
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validate UniAlignment’s strength in visual-language seman-
tic understanding and its effectiveness in handling semanti-
cally challenging multimodal tasks.

Image Perception and Personalization. Besides com-
mon tasks such as text-to-image generation and image edit-
ing, UniAlignment is also capable of realizing image percep-
tion as well as subject personalization. As shown in Fig. 7,
UniAlignment is capable of generating more refined and vi-
sually distinctive image-perception results compared to Uni-
World, while also excelling at multi-subject customized im-
age generation tasks.

Ablation Study
We conduct ablation study of our proposed two semantic
alignment mechanisms. As illustrated in Fig. 8, training with
the cross-modal semantic alignment encourages the joint
modelling of visual and textual modalities within a shared
latent space, mitigating the optimization conflict and en-
hancing instruction consistency. Meanwhile, the intrinsic-
modal semantic alignment enriches the latent semantics dur-
ing the diffusion denoising process, leading to improved se-
mantic grounding for image generation.

Conclusion
In this work, we propose UniAlignment, a unified gener-
ative model for multimodal generation. Built upon a sin-
gle lightweight diffusion transformer, UniAlignment is ca-
pable of handling a broad spectrum of multimodal tasks,
including image generation, understanding, editing, percep-
tion, and personalization. Two semantic alignment mech-
anisms are introduced to enhance the semantic grounding
and image-text consistency, without introducing extra pa-
rameters. Furthermore, a multi-stage training strategy is im-
plemented to enable progressive task specialization. Exper-
imental results across standard benchmarks as well as our
proposed SemGen-Bench demonstrate the superior perfor-
mance of UniAlignment, offering a promising direction to-
ward general-purpose multimodal intelligence.
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