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Abstract

Recent unified models have demonstrated that the reasoning
capacity of Multimodal Large Language Models (MLLMs)
can be leveraged to facilitate diffusion-based image genera-
tion with impressive flexibility and performance. However,
approaches that rely heavily on MLLMs for high-level se-
mantic encoding often struggle with fine-grained visual tasks
like image editing and virtual try-on. To address this gap, we
propose FUSE, a unified framework excelling at both high-
level vision–language understanding and fine-grained gen-
eration. First, we introduce a Semantic-to-Detail Connector
that pre-aligns fine-grained visual features with the MLLM’s
semantic space. This design counteracts the low-level infor-
mation loss inherent in MLLM encodings, creating a uni-
fied representation that steers the diffusion process with both
global semantics and rich local details. Second, to further en-
hance semantic awareness and detail preservation, we intro-
duce Adaptive-GRPO, a post-training objective that dynami-
cally balances semantic coherence against pixel-level fidelity.
The integration of these two innovations allows FUSE to gen-
erate images that are both semantically faithful and visually
fine-grained. Comprehensive experiments on text-to-image
and instruction-guided editing benchmarks show that FUSE
significantly outperforms existing unified baselines, achiev-
ing 0.89 on Geneval, 0.65 on WISE, and 3.88 on ImageEdit.

Introduction
Recent advanced Multimodal Large Language Models
(MLLMs) (Bai et al. 2025a; Zhu et al. 2025; Hurst et al.
2024) and diffusion generative models (Esser et al. 2024;
Labs 2024a; Liu et al. 2025b; Ma et al. 2025a; Liu et al.
2025c; Ma et al. 2024a, 2025b) have demonstrated remark-
able capabilities in both understanding and generation tasks.
Despite these successes, researchers continue to pursue a
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unified framework that effectively integrates these two ca-
pabilities. Currently, unified frameworks explored in the
community broadly fall into two approaches. The first ap-
proach involves the end-to-end integration of LLMs and dif-
fusion models, exemplified by methods such as Transfu-
sion (Zhou, Yu et al. 2025), JanusFlow (Ma et al. 2024b),
and BAGLE (Deng et al. 2025b). Although merging un-
derstanding and generation into a unified transformer back-
bone promotes rich cross-modal interactions, it demands an
exceptionally large, cross-modal training dataset to achieve
stable alignment between modalities. Even with substantial
training resources, the generated image quality from these
methods typically remains inferior compared to specialized
diffusion-based models like Flux (Labs 2024a).

The second approach uses MLLMs as semantic guid-
ance combined with existing diffusion generation models.
This method offers several advantages: it requires minimal
training overhead while successfully injecting MLLM’s un-
derstanding capabilities into existing diffusion models, en-
abling unified understanding and generation with high image
quality. Representative methods such as MetaQuery (Pan
et al. 2025) and Ming-Lite (AI et al. 2025) introduce learn-
able queries into the MLLM to compress high-level seman-
tic guidance. However, this approach suffers from a crit-
ical drawback of poor detail preservation capability. The
MLLM’s semantic bottleneck inevitably discards low-level
visual cues that are indispensable for photorealistic recon-
struction. Subsequent efforts like Step1X-Edit (Liu et al.
2025d) attempt to address this by directly feeding raw VAE
latents to the diffusion branch, but the network often fails
to properly fuse these modalities, falling into shortcut so-
lutions that simply copy input latents rather than learning
reliable editing operators. These limitations highlight a fun-
damental challenge: How can unified models maintain high-
quality image generation while simultaneously preserving
fine-grained details?

To address this challenge, we introduce FUSE, a uni-
fied framework that achieves semantic-aware, high-quality
image generation with excellent detail preservation through
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Figure 1: FUSE exhibits remarkable semantic coherence and fidelity in image generation, while also showcasing strong
instruction-following proficiency in image editing and virtual try-on.

innovative model architecture and loss functions. First, we
devise a Semantic-to-Detail Connector (SD-Connector)
that pre-fuses semantic representations from a pre-trained
MLLM with low-level VAE features, yielding a single, uni-
fied representation. These entangled features inherit high-
level semantics while retaining rich low-level visual cues,
yet avoid exposing the diffusion model to raw VAE fea-
tures. By doing so, the SD-Connector prevents the diffusion
model from over-relying on low-level shortcuts while still
providing strong detail-preserving capability. To further bal-
ance the integration of semantic and VAE information and
make VAE utilization task-adaptive, we embed a dual-expert
transformer within the connector, granting the framework
the flexibility demanded by diverse image-generation tasks.

Secondly, to further encourage the semantic–generative
feature coupling required for controllable synthesis, we
introduce Adaptive-GRPO, a post-training objective that
adaptively reweights two complementary rewards: semantic
coherence and low-level fidelity, at each denoising step. Un-
like pure diffusion-loss objectives, which struggle to enforce
subtle pixel-level changes in image-editing tasks (Wang
et al. 2025a), Adaptive-GRPO exploits the intrinsic step-
wise structure of the diffusion process: early timesteps en-
code coarse, high-level semantics, whereas later ones gov-
ern low-level visual fidelity. By aligning the reward sched-
ule with this natural progression, our method emphasizes
semantic fidelity when it is most influential (early steps)
and pixel-level accuracy when it becomes dominant (late
steps). The resulting unified objective seamlessly integrates

semantic-level and fine-grained goals, enabling precise se-
mantic guidance in the VAE latent space and producing out-
puts that align more closely with human preferences.

Overall, our contributions are summarized as follows:
1. We present FUSE, a unified framework that seamlessly

couples high-level semantic understanding with fine-
grained visual detail, enabling photorealistic generation,
precise image editing, and robust visual reasoning within
a single model.

2. We design a Semantic-to-Detail Connector which pre-
fuses the high-level semantic representations extracted
from the MLLM with fine-grained visual features to steer
the diffusion denoising process.

3. We propose Adaptive-GRPO, a training strategy that of-
fers more nuanced guidance during generation, enabling
the model to reconcile semantic requirements with fine-
grained fidelity within a unified objective.

4. We conduct extensive experiments demonstrating that
FUSE achieves state-of-the-art performance across a di-
verse range of tasks, including text-to-image generation
and instruction-guided editing.

Related Work
Unified Models with Diffusion Decoder. Recent unified
frameworks increasingly employ diffusion decoders for im-
age synthesis due to their strong cross-modal generation
quality. Existing methods primarily fall into two categories
based on how semantic information is integrated into the dif-
fusion process. (1) End-to-End Fusion Approaches (Zhou,
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Yu et al. 2025; Ma et al. 2024b; Deng et al. 2025b; Xie
et al. 2024; Shi et al. 2024; He et al. 2025; Wang et al.
2025b) integrate semantic understanding and pixel-level
generation within a unified transformer-based architecture
trained jointly from scratch. These models typically encode
images with auto-encoders optimized explicitly for pixel
reconstruction, providing detailed visual features directly
to the diffusion decoder. While this strategy yields high-
fidelity imagery, the pixel-centric representation often lacks
precise semantic alignment with textual prompts, limiting
the model’s capability to capture nuanced semantic intent.
Moreover, training these tightly integrated architectures de-
mands large-scale cross-modal datasets to stabilize modal-
ity alignment, and even then, the resulting image quality
tends to lag behind specialized diffusion generators (Labs
2024a; Li, Kamko et al. 2024). (2) Semantic-Guided Gen-
eration Approaches (Ge et al. 2024; Lin et al. 2025; AI
et al. 2025; Liu et al. 2025d) leverage pre-trained MLLMs
to provide semantic conditioning for separate diffusion-
based generation models. These frameworks introduce com-
pact, semantically aligned representations—such as learn-
able queries (Pan et al. 2025) or vision tokens (Chen et al.
2025a) into the diffusion decoding process. While effec-
tively injecting strong semantic coherence, these abstract
representations inherently discard essential low-level visual
details, impairing fine-grained detail preservation. Attempts
to preserve low-level details, like Step1X-Edit(Liu et al.
2025d), by directly incorporating raw VAE latents into the
diffusion model often result in trivial solutions where the
model merely replicates input latents instead of perform-
ing meaningful, pixel-level edits. Thus, achieving a unified
model that simultaneously balances fine-grained visual fi-
delity and robust semantic alignment remains an open chal-
lenge. Thus, achieving a unified model that simultaneously
balances fine-grained visual fidelity and robust semantic
alignment remains an open challenge.
Alignment for Image Generation Models. A growing line
of research aligns pre-trained diffusion- or flow-based image
generators with downstream objectives by means of reward
modeling. Scalar-reward (Prabhudesai et al. 2023; Xu et al.
2023) baselines fine-tune back-propagates a per-sample re-
ward loss only on the final denoising steps. However, the
limited optimize steps of this gradient signal bounds the
achievable improvement. Direct Preference Optimization
(DPO) approachs (Dong et al. 2023; Wallace et al. 2024)
reframe alignment as a supervised classification problem on
human preference pairs. While training-efficient, they suf-
fer from a train–test distribution shift that ultimately lim-
its peak performance. PPO-style variants (Black et al. 2023;
Gupta et al. 2025) yield stronger alignment by treating the
denoising process as a sequential decision problem, yet they
require a separate value network, which materially increases
memory consumption and tuning overhead. Group Relative
Policy Optimization (GRPO) (Shao et al. 2024), originally
developed for LLMs, has emerged as a post-training recipe
that dispenses with the value model while retaining opti-
mization quality. Flow-GRPO (Liu et al. 2025a) recently
adapted GRPO to flow-based generators by converting de-
terministic ODE trajectories into stochastic SDE counter-

parts. However, applying Flow-GRPO to unified generation-
and-editing architectures remains challenging because every
task (e.g., text-to-image generation, instruction-guided edit-
ing) demands a task-specific reward model that is carefully
designed and selectively invoked (Wang et al. 2025a), ren-
dering global alignment elusive.

Methodology
FUSE Architecture
Our proposed FUSE, the MLLM utilized is Qwen2.5-
VL (Bai et al. 2025b), while the image diffusion model em-
ployed is Flux-1.0-DEV (Labs 2024a). Notably, the MLLM
remains in a frozen state throughout the process. The overall
framwork is illustrated in Fig. 2.
Generation Queries. MLLM encodes the textual prompt
and images into textual tokens Ttoken and visual tokens Vtoken.
Motived by MetaQuery (Pan et al. 2025), we also em-
ploy randomly initialized learnable queries G ∈ RN×D,
subsequently concatenated with the textual and visual to-
kens, forming {Ttoken, Vtoken, G}. These concatenated tokens
are then processed through the Transformer architecture of
Qwen2.5-VL, resulting in an output that integrates seman-
tic information from the text prompt along with its original
token information:

{T ′
token, V

′
token, G

′} = MLLM({Ttoken, Vtoken, G}) (1)

where {T ′
token, V

′
token} are utilized for understanding, while

G′ serve as the condition for generation.
Semantic-to-Detail Connector. While generation queries
establish the linkage between the MLLM and the generative
model, they inherently lack the capacity to preserve image
details due to their high-level visual token characteristics. To
address this issue, we propose the Semantic-to-Detail Con-
nector (SD-Connector) to seamlessly integrate visual detail
features (Labs 2024a), aligning them with the MLLM’s se-
mantic features G′ as defined in Eq. 1. Specifically, we em-
ploy the VAE (Labs 2024a) to extract low-level image fea-
tures FV , which are subsequently fused with the generation
queries G′. The SD-Connector then utilizes a dual-stream
transformer architecture to process FV and G′ separately:

QFV ,KFV , VFV = WV
Q (FV ),WV

K (FV ),WV
V (FV )

QG′ ,KG′ , VG′ = WG′
Q (FG′),WG′

K (FG′),WG′
V (FG′)

{F̃V , F̃G′} = ATTN
(
{QFV , QG′}, {KFV ,KG′}, {VFV , VG′}

)
F̂V = FFNV (F̃V ), F̂G′ = FFNG′(F̃G′)

(2)
where WQ,WK ,WV are learnable linear projection matri-
ces, ATTN denotes the self-attention mechanism, {} denotes
the concat operation, and FFN is a Feed-Forward Network,
where the scripts V and G′ denote the parameters for each
respective stream.

The resulting unified token sequence {F̂V ; F̂G′} com-
bines global semantics with rich local details and serves as
the unifed conditioning input for the diffusion decoder.
Generation Model. We plug this unified feature sequence
into the FLUX-DEV diffusion backbone, replacing its orig-
inal text embedding conditioned for the denosing process.
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Figure 2: Architecture and Training pipeline of FUSE. We introduce an SD-Connector that unifies semantic-level and fine-
grained visual features to steer the diffusion process. A three-stage training curriculum progressively strengthens the model’s
semantic understanding and fine-grained generation capability.

The image generation of FUSE is defined as:

Iout = FLUX-DEV
(
z, {F̂V ; F̂G′}

)
, z ∼ N (0, I), (3)

where Iout is the synthesized image conditioned on
{F̂V ; F̂G′}. and z is a noise sampled from the standard nor-
mal distribution.

Adaptive GRPO
Despite our model architecture being designed to simultane-
ously accommodate both semantic and fine-grained visual
generation information, we observe that supervising the im-
age generation process solely through flow-matching loss
remains insufficient for the model to effectively leverage
these two distinct modalities of information. This limitation
is particularly evident in tasks requiring localized pixel-level
modifications guided by semantic guidance. To resolve this
limitation, we propose Adaptive-GRPO, a training objec-
tive that adapts the Flow-GRPO (Liu et al. 2025a) algorithm
specifically for unified semantic and fine-grained image gen-
eration tasks.

We first train Generative Reward Models (GRMs) using
the strong semantic priors of large vision-language mod-
els, thereby ensuring accurate evaluation of generation qual-
ity across different contexts, including text-to-image and
image-editing scenarios. Unlike traditional scalar-only re-
ward modeling, our GRM employs chain-of-thought rea-
soning to produce nuanced, multidimensional assessments.
Specifically, our GRM outputs two distinct yet comple-
mentary normalized scores: a semantic coherence score
rsem(x0, c) ∈ [0, 1], and an fine-grained score rqual(x0, c) ∈
[0, 1]. Formally, let ϕ denote GRM parameters and D rep-
resent the dataset comprising image–prompt pairs alongside
human-generated critiques. We optimize the GRM by mini-
mizing the joint negative log-likelihood loss:

LGRM = −ED

[
log pϕ

(
ysem, yqual, rsem, rqual | x0, c

)]
, (4)

where (ysem, yqual) represent chain-of-thought textual jus-
tifications provided by human annotators, and (rsem, rqual)
are their corresponding scalar reward labels. At inference,
only these scalar semantic and perceptual rewards guide
Adaptive-GRPO.

Secondly, utilizing these fine-grained reward signals, we
devise an step-wise credit assignment strategy. This design
exploits a fundamental property intrinsic to diffusion pro-
cesses: earlier denoising steps primarily determine the se-
mantic structure of the generated image, whereas later stages
are crucial for refining fine-grained visual details. To cap-
ture this progressive refinement explicitly, We redistribute
the rewards across all timesteps t = 0, . . . , T using time-
dependent weights:

wsem(t) = exp
(
−α t/T

)
, wqual(t) = 1− wsem(t), (5)

where α > 0 is a tunable hyperparameter that controls how
strongly semantics dominate the early phase. Consequently,
each timestep receives a composite reward:

Rt(xt, at, c) = wsem(t) rsem(x0, c) + wqual(t) rqual(x0, c).
(6)

By integrating this timestep-aware reward assignment,
Adaptive-GRPO converts initially coarse global rewards
into fine-grained, step-wise feedback signals, effectively
aligning semantic coherence and pixel-level accuracy
throughout the diffusion process. The final generative pol-
icy is optimized by maximizing the following objective:

Jθ = Ec,{xi}

[ 1
G

G∑
i=1

1

T

T−1∑
t=0

min
(
rit(θ)Â

i
t,

clip
(
rit(θ), 1− ε, 1 + ε

)
Âi

t

)]
. (7)
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Model Model Type Single Obj.↑ Two Obj.↑ Counting↑ Colors↑ Position↑ Color Attr.↑ Overall↑

PixArt-α Gen. Only 0.98 0.50 0.44 0.80 0.08 0.07 0.48
SDXL Gen. Only 0.98 0.74 0.39 0.85 0.15 0.23 0.55
DALL-E 3 Gen. Only 0.96 0.87 0.47 0.83 0.43 0.45 0.67
SD3-Medium Gen. Only 0.99 0.94 0.72 0.89 0.33 0.60 0.74
FLUX-1-dev Gen. Only 0.98 0.93 0.75 0.93 0.68 0.65 0.82

Janus Unified 0.97 0.68 0.30 0.84 0.46 0.42 0.61
Emu3-Gen Unified 0.99 0.81 0.42 0.80 0.49 0.45 0.66
Show-o Unified 0.98 0.80 0.66 0.84 0.31 0.50 0.68
Janus-Pro-7B Unified 0.99 0.89 0.59 0.90 0.79 0.66 0.80
MetaQuery-XL Unified – – – – – – 0.80
BLIP3-o Unified – – – – – – 0.84
BAGEL Unified 0.98 0.95 0.84 0.95 0.78 0.77 0.88
UniWorld-V1 Unified 0.99 0.93 0.79 0.89 0.49 0.70 0.80
Ours Unified 0.99 0.98 0.88 0.96 0.77 0.76 0.89

Table 1: Comparison with different models on the GenEval Benchmark. “Gen. Only” indicates generation-only models, whereas
“Unified” denotes models equipped with both understanding and generation capabilities.

rit(θ) =
pθ(x

i
t−1 | xi

t, c)

pθold(x
i
t−1 | xi

t, c)
and the advantage Âi

t is com-

puted from the per-step reward Rt(x
i
t, a

i
t, c) defined above.

Training Strategy

Stage I Semantic Alignment. In this initial stage, we train
the T2I task on low-resolution images to align semantic rep-
resentations between the MLLM and the diffusion model.
Only a subset of high-quality open-source text-to-image
datasets is used. All images are resized to 2562 pixels. To
avoid degrading generation quality, only the SD-Connector
and text blocks of FLUX are optimized, with all other pa-
rameters kept frozen. The flow-matching objective (Liu,
Gong, and Liu 2022) is used as the training objective.

Stage II Instruction Tuning. With semantic alignment es-
tablished, we jointly train text-to-image (T2I) generation
and image editing tasks using a curated mixture of high-
quality T2I and editing datasets. We adopt a task mixing ra-
tio of 3:7 (T2I : Edit). For both tasks, we filter out images
whose shorter side is below 512 pixels, and cap the max-
imum resolution at 10242. The optimization modules and
training objectives remain unchanged from Stage I.

Stage III Adaptive-GRPO Post-training. After the two-
stage training, the model demonstrates strong capabilities in
both text-to-image generation and image editing. Nonethe-
less, it may still face slight limitations in performing fine-
grained pixel-level edits. To further enhance the model’s per-
formance, we utilize the proposed Adaptive-GRPO to im-
prove both generation fidelity and controllability. We em-
ploy the trained GRM to jointly optimize semantic and per-
ceptual rewards across both tasks using a 1:1 task ratio,
while fine-tuning the SD-Connector and the full Flux back-
bone under the Adaptive-GRPO objective defined in Eq. (7).

Model WISE↑ MJHQ-30K FID↓
Pure Generation Models
PixArt-α 0.47 7.9
Emu3-Gen – 7.8
SDXL 0.43 7.4
DALL-E 3 – 7.1
SD3-Medium 0.46 6.8
FLUX.1-dev 0.50 6.6
playground-v2.5 0.49 6.9

Unified Models
Janus 0.23 13.2
Emu3 0.39 11.0
Show-o 0.35 9.5
Janus-Pro-7B 0.35 8.4
MetaQuery-XL 0.55 6.1
BLIP3-o – 6.8
BAGEL 0.52 6.4
UniWorld-V1 0.55 6.3

Ours 0.65 5.6

Table 2: Performance on WISE and MJHQ-30K.

Experiments
Evaluation of Image Generation
Benchmark. We conduct a thorough evaluation of our
model using established T2I generation benchmarks, e.g.,
GenEval (Ghosh et al. 2023), WISE (Niu, Ning et al. 2025),
MJHQ30K (Li, Kamko et al. 2024).
Quantitative and Qualitative Results. The comparison
methods include the image generation models PixArt-
α (Chen et al. 2023), Emu3-Gen (Wang et al. 2024), DALL-
E 3 (Shi et al. 2020), SD3-Medium (Esser et al. 2024),
FLUX.1-dev (Labs 2024b), Playground-v2.5 (Liu et al.
2024); and the unified models Janus (Wu et al. 2024),
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Figure 3: FUSE demonstrates proficiency across various tasks, including text-to-image generation, multiple image editing tasks,
and virtual try-on. It achieves high semantic adherence and pixel-level consistency.

Emu3 (Wang et al. 2024), Show-o (Xie et al. 2024), Janus-
Pro-7B (Chen et al. 2025b), MetaQuery-XL (Pan et al.
2025), BLIP3-o (Chen et al. 2025a), BAGEL (Deng et al.
2025a), and UniWorld-V1 (Lin et al. 2025). FUSE demon-
strates exceptional prompt-following capabilities, signif-
icantly outperforming existing models on the GenEval
benchmark, achieveing a superior overall score of 0.89.
Its proficiency is evident across diverse prompt categories,
achieving near-perfect scores of 0.99 for Single Object and
0.98 for Two Object prompts. Furthermore, FUSE excels
in more challenging compositional tasks, scoring 0.88 in
Counting and 0.96 in Color, consistently surpassing contem-
porary models. In addition to prompt adherence, FUSE pro-
duces images of outstanding visual quality. On the MJHQ-
30K benchmark, the model inherits the powerful genera-
tion foundation of Flux and further enhances it through fine-
tuning with the adaptive-GRPO objective, achieving an im-
pressive FID score of 5.6. This demonstrates its formidable
generation performance. Concurrently, the model showcases
strong world-knowledge reasoning inherited from its under-
lying MLLM, attaining a WISE score of 0.65. We attribute

these improvements to the well-designed connector module
and adaptive-GRPO optimization.

Evaluation on Image Editing
We evaluate our proposed model in ImgEditing (Ye, He
et al. 2025) benchmark. The compare methods including
the MagicBrush (Zhang et al. 2023), Instruct-P2P (Brooks
et al. 2023), AnyEdit (Yu et al. 2024), UltraEdit (Zhao
et al. 2024), Step1X-Edit (Liu et al. 2025e), BAGEL (Deng
et al. 2025a), UniWorld-V1 (Lin et al. 2025). For the image
editing task, we evaluated FUSE in terms of both prompt-
following capability and pixel-level consistency, which are
essential for various downstream applications. The results
on the ImageEdit benchmark are summarized in Table 3.
FUSE outperforms existing models, achieving an impres-
sive overall score of 3.88. Specifically, it demonstrates ex-
ceptional performance across multiple editing categories,
attaining scores of 4.11, 4.41, 3.98, and 4.66 in the Add,
Replace, Remove, and Action tasks, respectively. Notably,
FUSE exhibits superior proficiency in handling complex im-
age manipulations, thus surpassing many contemporary ap-
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Model Add↑ Adjust↑ Extract↑ Replace↑ Remove↑ Style↑ Action↑ Hybrid↑ Bkgd.↑ Overall↑
MagicBrush 2.72 1.47 1.31 1.89 1.57 2.49 1.39 1.80 2.03 1.85
Instruct-P2P 2.29 1.79 1.33 1.93 1.49 3.54 1.51 1.48 1.67 1.89
AnyEdit 3.12 2.66 1.82 2.71 2.34 3.27 3.31 2.07 2.37 2.63
UltraEdit 3.63 3.01 2.02 3.13 1.71 3.69 3.57 2.33 3.31 2.93
Step1X-Edit 3.90 3.13 1.87 3.45 2.61 4.44 3.43 2.52 3.19 3.17
BAGEL 3.55 3.30 1.56 3.38 2.44 4.24 4.29 2.55 3.22 3.17
UniWorld-V1 3.86 3.70 2.23 3.49 3.54 4.22 3.44 3.13 2.76 3.37

Ours 4.11 3.59 2.94 4.41 3.98 4.20 4.66 3.48 4.63 3.88

Table 3: Comparison on ImgEdit-Bench. FUSE demonstrates competitive performance across multiple editing tasks.

Figure 4: Effectiveness of the proposed SD-Connector. (a)
Original image (b) W/O VAE. (c) W/ VAE.

proaches. Furthermore, FUSE consistently preserves both
pixel-level fidelity and subject identity across a wide spec-
trum of editing tasks—from straightforward object addi-
tion/removal and basic color or style adjustments to the more
demanding scene-level style transformations. As shown in
Fig. 3, the model achieves near-perfect alignment in addition
operations and maintains the protagonist’s appearance un-
der drastic stylistic shifts. In virtual try-on scenarios, FUSE
likewise upholds high subject consistency while rendering
garments with photorealistic detail. These results showcase
FUSE’s superior capability in precise and faithful editing.

Ablation Studies
Feature Alignment in SD-Connector. Thanks to the flex-
ible design of our SD-Connector, FUSE can optionally in-
ject VAE features to incorporate low-level visual cues dur-
ing generation. To assess its effectiveness in aligning se-
mantic and VAE-derived features, we conduct ablations by
toggling VAE feature injection at the diffusion stage. As
shown in Fig. 4, FUSE achieves strong zero-shot editing on
the any2any-add subset. Incorporating VAE features signif-

0 100 200 300 400 500 600
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0.86
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(a) Semantic Reward
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0.78
0.80
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0.85
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(b) Fine-grained Reward

Figure 5: Comparison of step-wise and uniform credit as-
signment under the same reward type.

icantly improves editing consistency, while the model still
performs semantic-level editing without them. This flexibil-
ity highlights the connector’s ability to fuse multimodal fea-
tures and adapt to varying editing demands.
Effectiveness of Step-wise Credit Assignment. To en-
hance semantic alignment and fine-grained generation,
we introduce step-wise credit assignment into adaptive-
GRPO. As shown in Fig. 5, applying step-wise reward
reweighting—compared to uniform weighting across time
steps—yields higher reward scores for both reward types on
the test set. This demonstrates that aligning reward signals
with the denoising process improves both semantic fidelity
and fine-grained visual detail.

Conclusion
In this paper, we introduce FUSE, a unified
MLLM–diffusion framework capable of semantic-level
reasoning and fine-grained visual generation. We propose
a Semantic-to-Detail Connector that integrates MLLM em-
beddings with VAE latents, steering the diffusion backbone
with global semantics and fine-grained information. We
also propose an Adaptive-GRPO objective that reallocates
rewards across denoising timesteps to emphasize semantic
coherence early and pixel-level fidelity late, yielding a har-
monized training signal. Evaluated on Geneval, WISE, and
ImageEdit, FUSE surpasses prior unified models, showing
that low-level guidance can be added to MLLM-based
generation without harming high-level understanding, posi-
tioning FUSE as a strong unified model for tasks requiring
semantic awareness and fine-grained detail.
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