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1. Related Work
Text-to-Image Network Architecture Diffusion models
[33, 40, 56, 61] have become a dominant paradigm for text-
to-image generation [5, 12, 15, 19, 66, 68, 69] owing to
their scalability and stable training. In multimodal diffusion
models, prompt embeddings derived from a frozen text en-
coder are incorporated through cross-attention [12, 62, 68],
self-attention [9, 21], or layer-wise attention (e.g., MoT)
[47]. A fundamental challenge in this design is the ”static
vs. dynamic” mismatch. The diffusion process is inherently
dynamic, operating over numerous timesteps with varying
noise levels and visual features [42, 52]. However, the text
encoder provides only a single, static representation of the
prompt. While self- and layer-wise attention allow this con-
ditional information to evolve within the visual backbone’s
blocks, the initial conditional signal provided to the model
remains fixed. To address this limitation, our MoS frame-
work introduces a learnable router. The router jointly con-
siders the prompt, denoising step, and noised image to dy-
namically select and aggregate conditional embeddings, en-
abling true input- and time-dependent conditioning.

Unified Model Recent research [24, 75, 81, 86] has in-
creasingly sought to unify diverse tasks within a single
framework. While following this unified design philoso-
phy, it diverges in its training methodology. Instead of the
common approach of jointly training all tasks in a single,
complex stage [13, 18, 25, 48, 87, 95], we adopt a multi-
stage training strategy. This approach provides significant
flexibility and efficiency. Specifically, by freezing our text
branch, we can focus computational resources purely on
optimizing the multimodal generation components. This
staged training also circumvents common challenges of
joint training, such as throughput bottlenecks from mixed
data batches and the difficulty of balancing diverse, and of-
ten competing, learning objectives across modalities. This
strategy is consistent with other recent, successful large-
scale models like BLIP-3o [11], MetaQuery [60], Qwen-
Image [79] and LMFusion [72], which also employ multi-
stage training.

Dynamic Neural Networks MoS is also related to the
principles of dynamic neural networks [29, 31, 37–39, 70],
in which the computational graph or parameter usage is con-
ditioned on the input. A prominent example is the Mixture-
of-Experts (MoE) [14, 20, 22, 29, 41, 44, 54, 71], where
tokens are adaptively processed by different ”expert” sub-
networks within each transformer block. Due to its spar-

sity, MoE efficiently scales model parameters while keep-
ing computation tractable. Recent advances have explored
other forms of dynamic computation, such as Mixture-
of-Depths (MoD) [67], which dynamically allocates com-
pute across tokens and layers, and Mixture-of-Recursions
(MoR) [2], which reuses layers recursively with variable-
depth routing. These methods establish a powerful prin-
ciple: computation should be sparse, adaptive, and condi-
tional on the input. However, this principle has largely been
applied to intra-model adaptivity, i.e., routing tokens within
a single large model. In contrast, MoS extends this principle
to inter-model collaboration.

Mixture of Transformers (MoT) Our model, MoS, is
conceptually related to the Mixture of Transformers (MoT)
architecture [47]. In MoT, each modality is processed by
an independent transformer, while a shared attention mod-
ule in each block enables tokens to attend across modali-
ties. This design has been widely adopted in multimodal
research: LMFusion [72] and PGV3 [51] use it to couple
a frozen LLMs as the text encoder with a trainable diffu-
sion transformer for strong text-to-image generation perfor-
mance. More recently, Bagel [18] and Mogao [48] enable
joint training of both transformers, unifying image under-
standing and generation. Despite these advances, a criti-
cal limitation persists: prior MoT variants require identi-
cal hidden dimensions and a strict one-to-one block corre-
spondence across modalities to share global attention. This
rigid, symmetric constraint is highly inflexible, as various
modalities may follow distinct scaling laws and design prin-
ciples. MoS is designed to solve this specific problem. We
replace the rigid global attention mechanism with a learn-
able, sparse router, which removes the identical-size con-
straint and enables adaptive, effective interactions between
asymmetric transformers.

2. Implementation Details

To support efficient and stable training, we introduce a set
of optimizations spanning both system-level infrastructure
and model design:

• QK-Norm: To enhance training stability, we apply QK-
Norm [32] in each transformer block. Specifically, before
the attention operation, we normalize the query and key
vectors using RMS-Norm [91].

• Modality-specific Norm: We apply separate normaliza-
tion layers for different modalities, which improves per-
formance while maintaining training stability.
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Figure 1. Illustration of the router’s operation space. (a) In the global-attention scheme, keys and values from the understanding branch
are projected to the generation branch for cross-modal interaction. (b) In the global hidden-state scheme, hidden representations from both
branches are directly concatenated at the input of each transformer block.

• Token Registers: Following Darcet et al. [16], we intro-
duce four auxiliary learnable tokens into the input se-
quence to enhance training stability, without assigning
them explicit training objectives.

• Diffusion Step Sampling: To accelerate convergence
during low-resolution (512×512) pretraining, we adopt
logit-normal sampling, which is later replaced by mode
sampling (scale = 0.8, shift = 3.0) to adapt to high-
resolution (1024×1024 and 2048 × 2048) training.

• Dropping timestep embeddings. Motivated by recent find-
ings [73, 74] and the empirical analysis, we confirm that
timestep embeddings provide negligible benefit to the dif-
fusion model while introducing an overhead of ∼20% pa-
rameters. For efficiency, we remove the timestep condi-
tioning from the generation tower.

• FSDP: We adopt Fully Sharded Data Parallel (FSDP) as
our primary distributed training framework and enable ac-
tivation checkpointing in the high-resolution stages.

• Low-Precision Training: We employ a module-specific
mixed-precision strategy. The VAE compressor is main-
tained in float32 to ensure numerical stability, while the
understanding tower is set entirely in bfloat16. For the
generation tower and router, we use bfloat16 for all-gather
operations and float32 for gradient reduce-scatter.

• Triton Kernel Optimization: To further improve training
throughput, we employ custom Triton kernels, including
an RMSNorm kernel and a fused FFN kernel. Our imple-
mentation builds on the liger-kernel [34].

• Bucket-wise Dynamic Resolution Training: To support
dynamic-resolution training, we adopt a resolution-driven
bucket dataloader. Data samples are assigned online to
buckets based on their resolution and aspect ratio. Once a
bucket is filled, it is dispatched to the model for training.

• Data Reweighting: To achieve balanced performance
across different dimensions, we adjust the mixing ratios
of the training datasets. The optimal ratios are determined
through grid search.

Regarding the hyperparameters, we use AdamW with a
learning rate of 1 × 10−4, weight decay of 0.01, and be-
tas set to (0.9, 0.95). The first 4k steps serve as a warm-up
phase, where the learning rate is linearly increased to the
target value. A cosine schedule is then applied to grad-
ually decay the learning rate to 1.5 × 10−5. The global
batch size is dynamically set to 2048 or 1024, depending
on available training resources. For each pre-training stage,
we run 400k–1200k steps based on visual inspection of con-
vergence, while HQ fine-tuning is performed for 50k steps.
We use a top-k router (k = 2) with ϵ-greedy exploration
(ϵ = 0.05). The training platform comprises both A100 and
H100 GPUs; to standardize reporting, we compute the to-
tal training cost by counting 2 A100 days as equivalent to 1
H100 day.



3. Additional Discussions on Router Designs
3.1. Router Operation Space
This ablation study aims to determine the MoS router’s op-
eration space, i.e., which features routed across transform-
ers yield the optimal benefit. We begin with a solid base-
line—the MoT architecture [47]. To enable representation
transfer across transformers, MoT introduces a global atten-
tion mechanism where keys, values, and queries are shared
between towers. In contrast to MoT, a competing approach
fuses hidden states directly before sequence modeling. As
shown in Fig. 1 (a)-(b), these two design philosophies yield
four candidates:
• Global Attention (Head-Projection)1: Apply a projection

layer on each head dimension for the key and value vec-
tors from the understanding tower, then concatenate with
the generation tower’s key and value representations, re-
spectively.

• Global Attention (State-Projection): Apply the projection
layer on the hidden dimension, split into multi-head vec-
tors, and fuse with the generation tower’s features.

• Global Hidden States (Independent-Projection): Con-
catenate hidden states in the generation tower, then apply
separate key-value projection layers before attention.

• Global Hidden States (Shared Projection): Concatenate
hidden states, then apply a shared key–value projection
layer.

As shown in Fig. 2 (a)-(b), the empirical results clearly indi-
cate that using global hidden states with a shared projection
layer yields the optimal configuration. Note that the MoS
router is excluded from this ablation.

3.2. Router Architecture Design
In the MoS router, token embeddings from different modali-
ties are normalized using separate RMSNorm layers to align
their representation scales. Our analysis shows that this de-
sign is a key factor in improving performance. To verify its
effectiveness, we compare two configurations: (a) a shared
RMSNorm applied to all modalities, and (b) separate RM-
SNorms for each modality. Fig. 2(c–d) shows that configu-
ration (b) consistently outperforms (a) across all evaluation
metrics.

3.3. ϵ-greedy Strategy and Sparsity Design
To evaluate the impact of applying ϵ-greedy to the router’s
output, we conduct an ablation study. Here, ϵ = 0.05,
meaning that with a 5% probability the router randomly se-
lects a layer rather than following the predicted logits. This
choice is informed by an empirically grid search. As shown

1Here, we avoid using the term layer-wise attention to describe this
operation, to maintain symmetry with the case of global hidden states.
Nonetheless, the mechanism is essentially equivalent to the layer-wise at-
tention discussed in previous sections.

in Fig. 3, the results indicate that incorporating ϵ-greedy no-
tably accelerates convergence across training steps. Next,
we study how many layers (k) should be consolidated to
form the final guidance feature. As shown in Fig. 3, k = 2
consistently outperforms other candidates. This is reason-
able: when k = 1, the model may become trapped in a local
view, as the router tends to overfit to a single layer; con-
versely, larger k values dilute representations, over-flatten
hidden states, and ultimately degrade performance.

3.4. Scalability of MoS
Here, we validate the scalability of our model. Prior stud-
ies [7, 21, 64, 79] have demonstrated the effectiveness of
scaling the generation tower (diffusion model). Since our
approach does not alter the fundamental formulation of the
diffusion process, it should likewise benefit from enlarging
the generation tower. In this section, however, we focus on a
complementary direction—scaling the understanding tower.
Unlike MoT, MoS provides a more flexible framework that
enables independent scaling of the understanding tower,
thereby allowing the use of larger understanding models. As
shown in Fig. 4 (a)-(b), we find that enlarging the text en-
coder yields consistent and stable improvements as its size
increases. Moreover, since the understanding tower does
not need to be updated across all training stages and its em-
beddings can be provided in a Producer–Consume manner,
scaling the understanding tower emerges as a cost-efficient
solution based on our empirical analysis.

3.5. MoS vs. Fixed Router Solutions
To verify the effectiveness of MoS, we compare it with sev-
eral fixed-routing baselines. These baselines use either the
final-layer embedding [A], a middle-layer embedding [B],
or a combination of middle-layer embeddings [C] with a
fixed 1:1 routing strategy. All methods are trained using
identical data, model parameters, and training steps to en-
sure a fair comparison.

Tab. 1 shows that utilizing multi-layer hidden represen-
tations improves performance over using a single-layer em-
bedding. In particular, the combination of middle-layer em-
beddings [C] consistently outperforms both the final-layer
and single middle-layer variants. Nevertheless, MoS further
achieves substantial improvements, indicating that dynamic
routing across multiple hidden states is more effective than
fixed routing strategies. We further present the performance
curves comparing MoS and [C] in Fig. 4.

3.6. MoS for Image Editing
Our design feeds the reference image into both the under-
standing and generation towers. We hypothesize that this
allows the model to leverage semantic information from the
understanding tower and low-level visual features from the
generation tower, thereby enabling more precise and con-
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Figure 2. Ablation study results on FID and CLIP across the router’s operation space and architectural design. (a)–(b) indicate that
using hidden states as the router’s operation space outperforms using key/value features, while (c)–(d) show that applying modality-specific
normalization to the router’s inputs further improves performance.
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Figure 3. Ablation study on the ϵ-greedy exploration strategy and sparsity settings. Results show that incorporating ϵ-greedy acceler-
ates convergence, and that k = 2 yields the best performance.

Table 1. Comparison between MoS and fixed routing baselines
on the MJHQ benchmark. [A] uses the final-layer embedding
for routing, [B] uses a single middle-layer embedding, and [C]
uses a combination of middle-layer embeddings with a fixed 1:1
routing strategy. Results demonstrate that leveraging multi-layer
hidden representations improves performance, while MoS further
provides a more effective routing mechanism than fixed routing.

Method FID-20k ↓ CLIP-20k ↑

A. Final-layer embedding 25.70 20.26
B. Middle-layer embedding 22.72 21.39
C. Multi-layer embedding (fixed routing) 22.06 21.70
MoS 20.15 21.74

sistent editing. To validate the effectiveness of our de-
sign, we compare three input configurations for image edit-
ing: (i) w/o generation-tower context, where the reference
image input to the generation tower is removed; (ii) w/o
understanding-tower context, where the reference image in-
put to the understanding tower is removed; and (iii) w/ full
context, where both towers receive the source images. As
shown in Fig. 5, we conduct experiments on GEdit-Bench

[55], which evaluates model editing performance across
three dimensions: semantic consistency (G-SC), perceptual
quality (G-PQ), and overall score (G-O). All metrics are
obtained from GPT-4o–based automatic evaluations [36],
where higher values indicate better performance. The re-
sults demonstrate that incorporating reference images from
both towers achieves the highest average score, consistent
with our hypothesis.

3.7. Ablation Study on Inference Strategy

MoS incorporates denoising steps into its input, which may
influence the underlying diffusion dynamics. We thereby
empirically validate whether common inference enhance-
ments can benefit MoS-based models. As shown in Fig. 6,
we evaluate an intermediate checkpoint of MOS-S (trained
for 400k steps at 512 × 512 resolution) on GenEval [26].
The results show that increasing inference steps consis-
tently improves generation quality, and CFG guidance can
be applied in the typical range (5.0–7.5), similar to the
other models [62]. We further observe that adopting a
linear–quadratic scheduler [63] and rescaling strategy [50]
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Figure 4. Ablation study results on FID and CLIP for understanding tower size and interaction types. Our ablations show that MoS
interaction consistently outperforms hand-crafted design, while also benefiting from scaling up the understanding tower.
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Figure 5. Ablation study results on GEdit-Bench [55]. The best performance is obtained when the source images are provided to both
the generation and editing towers.

yields slight additional gains.

3.8. MoS Router Visualization Analysis
To analyze the router’s behavior, we visualize its output pat-
terns in Fig. 7 using the caption “A dog holding a sign that
says ‘MoS in 2025’” with MOS-S: i) The first row shows
the denoising trajectory, where the model progressively re-
fines the image from pure noise to the target output, guided
by the input caption. ii) The second row visualizes the av-
erage contribution of each understanding layer. To obtain
this, we compute the router’s logit matrix—modeling the
affinity between blocks in the understanding and genera-
tion towers—and average the weights across all generation
blocks and tokens. iii) The third row presents the router’s
output at a fixed denoising step (t=1) for individual tokens,
revealing that different tokens induce distinct routing pat-
terns. The results indicate that:
• The router’s predictions vary across denoising steps. In

the early stages, features from layers of different depths
are sparsely selected as the most influential. As the de-
noising process progresses, the weights of the middle lay-
ers gradually increase, leading to smoother importance
distributions and reduced variation across steps. This
trend is intuitive: at later stages, most semantic infor-

mation has been established, and the model no longer
requires highly specific features from individual layers.
This observation is consistent with the findings reported
in [52].

• The router’s predictions also vary across tokens. As
shown in Fig. 7, each token exhibits a distinct connec-
tion pattern, reflecting the router’s ability to adapt its rout-
ing strategy to token-specific semantics. This observa-
tion aligns with our ablation study, which demonstrates
that token-wise prediction yields better performance than
sample-wise prediction.

• Since the router is jointly optimized with the generation
tower, it can be regarded as a surrogate mechanism that
approximates an optimal routing strategy. However, our
analysis provides no evidence that the final-layer embed-
ding serves as an effective solution. Similarly, we find
no consistent pattern indicating a strict layer-to-layer cor-
respondence in MoT. These findings suggest that previ-
ous designs may not fully leverage the capacity of the un-
derstanding tower, thereby supporting our hypothesis and
underlying motivation.
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Figure 6. Ablation study results on GenEval [26] with different inference strategies. MoS exhibits behavior similarly to other diffusion
models. Incorporating commonly adopted enhancements into the inference process consistently improves performance.
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Figure 7. Visualization of the Router across Time Steps. The results show that different tokens induce distinct connection patterns,
indicating that the router dynamically adjusts its layer-to-layer routing based on token-specific semantics.

4. Additional Benchmark Results

We provide comprehensive results across all benchmarks.
Specifically, Table 2 reports the GenEval performance, Ta-
ble 3 presents the DPG results, Table 4 shows the WISE
score, and Table 5 lists the OneIG results. For image edit-
ing benchmarks, we report ImgEdit results in Table 6 and
GEdit results in Table 7.

5. Additional Visualizations

We provide additional visualizations for clarity: i) Fig. 8
presents more text-to-image results generated by MoS; ii)
Fig. 9 compares MoS with other advanced models under the
same input captions; and iii) Fig. 10 illustrates comparisons
with image editing models.



Figure 8. Visualization of MoS-L on text-to-image generation. The samples are produced under a dynamic resolution setting, with the
maximum side length capped at 2048 pixels.
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A colorful poster with the title at the top in large letters: “Author Meet and Greet on Saturday.” Below the title is a portrait of the author in the center. At the bottom, smaller text reads “Book 
Signing and Q&A.”

On a large wooden table, a variety of foods are arranged in a vibrant display. In the center sits a pepperoni pizza, cut into eight slices, the golden crust slightly charred at the 
edges, melted cheese stretching between slices, and glossy red pepperoni discs glistening with oil. To the right, a hamburger is stacked high on a white plate: a sesame seed bun 
with a juicy beef patty, melted cheddar cheese dripping down the sides, layers of green lettuce, red tomato slices, and pickles visible in between, with golden French fries 
scattered beside it.  On the left, a grilled fish is presented on a rectangular platter, its skin crispy and golden-brown with hints of char, garnished with lemon slices placed along 
its body and fresh parsley sprinkled across. Near the top of the table, a bowl of fruit overflows with color: shiny red apples, bright yellow bananas curving upward, deep purple 
grapes spilling over the edge, and a cut-open orange revealing its juicy segments. At the front of the scene, a small dessert plate holds a slice of chocolate cake, dark and rich 
with glossy frosting, topped with a bright red strawberry. The entire table is lit with soft natural light, creating highlights on the glossy fruit skins, reflections on the melted cheese, 
and warm shadows under the plates, giving the display a fresh and appetizing look.

A Chinese restaurant menu poster with a solid black background and golden decorative borders. At the top, in large bold letters, the heading says “Today’s Specials.” The appetizers section 
lists: “Spring Rolls – ¥18,” “Dumplings – ¥22,” “Hot and Sour Soup – ¥20.” The main dishes section displays in larger text: “Kung Pao Chicken – ¥45,” “Braised Beef – ¥55,” “Eggplant in 
Garlic Sauce – ¥38.” At the bottom, the desserts section reads: “Sesame Balls – ¥25,” “Mango Pudding – ¥28.” All menu items are written in clear white letters against the black background, 
with the prices shown directly beside each dish. 

The image is an advertisement for a GPS tracking device designed for dogs, featuring a brown dog running in the woods and a close-up of the device. In the foreground, a brown 
dog and a yellow collar is prominently displayed, running on a dirt path surrounded by trees. To the right of the dog, a text overlay reads "LIVE GPS TRACKING" in black font within a 
yellow rectangle, followed by "NEVER HAVING TO HOPE SOMEONE SCANS THEIR MICROCHIP" in white font. This text highlights the key benefit of the product. In the bottom 
center of the image, a close-up view of the GPS tracking device is shown. The device is black with a yellow strap and features the letters "MoS" in white on its front. The strap is 
made of a textured material and has a black plastic buckle. The overall design of the device appears sleek and modern. The background of the image is a blurred forest scene, 
with trees and foliage visible behind the dog. The atmosphere is one of freedom and adventure, as the dog runs through the woods with ease.

The image is divided into two sections. The left side features a dark teal background with a grid pattern, accompanied by large white text that reads "Owner makes $131,150 IN 10 
MONTHS WHEN PARTNERING WITH MoS." The word "MoS" is displayed in teal and yellow font below the main text. On the right side of the image, there is a photograph of a house 
situated in a wooded area. The house has a dark green exterior with white trim around the windows and doors. A small porch is visible at the front entrance, which is flanked by 
two lanterns on either side. The roof appears to be made of metal, and the surrounding landscape includes trees and bushes. A wooden walkway leads up to the front door, 
adding to the overall aesthetic appeal of the property. 

Figure 9. Visualization of MoS-L/S and baseline methods on text-to-image generation. All models are evaluated with their default
parameters in Diffusers. We present results on challenging cases. These include scenarios such as arranging foods with distinct
categories, colors, and patterns; posters combining natural objects with visual text; and purely textual prompts, such as generating a menu.
MoS-L demonstrates competitive performance in these demanding settings. Zoomed-in view for better clarity.
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remove 'Lover' text from the image, change the diffusion's color to light blue, add a word 'MoS' with purple under hand, and change the color of hand to gray

Make it a smiling face, add glasses, change to blue fur and green clothes. 

The image depicts a person's hand holding a ring between their thumb and index finger. The hand has fair skin and is well-manicured. The ring is gold with pearls and diamonds, and is 
positioned in the center of the image. The background is a blurred beige or brown color, which helps to emphasize the ring and the hand. The overall tone of the image is elegant and 
sophisticated, with a focus on showcasing the ring in a luxurious and refined manner. The camera is positioned at a slightly elevated angle, capturing a close-up shot with a shallow depth of 
field, making the background blur and the ring sharp. The lighting is soft and gentle, with a subtle sheen on the hand and the ring. The image is of exceptionally high quality, with a clear 
and sharp focus on the ring and the hand.

Replace “Education is the most powertul weapon which you can use to change the world. - Nelson Mandela” with “ Education is not preparation for life; education is life itself. - John 
Dewey“

Split the image into two sections, in the right section change the season to spring, in the left section change the season to winter, keep the original position of the tree

change the color of flower to red, and change the environment to a rainy scene

Figure 10. Visualization of MoS-L/S and baseline methods on instruction-based image editing. All models are evaluated using their
default parameters in Diffusers. We showcase results on hybrid instructions and the cases involving visual text editing. Zoomed-in for
better clarity..



Table 2. Performance of Foundational Image Generation Models on the GenEval Benchmark [26]. GenEval evaluates object-
level prompt alignment in text-to-image models. Greyed rows denote models with unclear configuration references, which hinders fair
comparison. MoS-L attains the strongest results across several dimensions and delivers the best overall performance. Here and below,
#Param denotes the number of learnable parameters.

Model #Param Single Obj.↑ Two Obj.↑ Counting↑ Colors↑ Position↑ Color Attri.↑ Overall↑

GPT Image 1 [High] [59] - 0.99 0.92 0.85 0.92 0.75 0.61 0.84
Seedream 3.0 [23] - 0.99 0.96 0.91 0.93 0.47 0.80 0.84
Qwen-Image [79] 20B 0.99 0.92 0.89 0.88 0.76 0.77 0.87

Emu3-Gen [78] 8B 0.98 0.71 0.34 0.81 0.17 0.21 0.54
SD3 Medium [21] 2B 0.98 0.74 0.63 0.67 0.34 0.36 0.62
FLUX.1 [Dev] [43] 12B 0.98 0.81 0.74 0.79 0.22 0.45 0.66
SD3.5 Large [21] 8.1B 0.98 0.89 0.73 0.83 0.34 0.47 0.71
Lumina-Image 2.0 [65] 2.6B - 0.87 0.67 - - 0.62 0.73
Show-O2 [87] 7B 1.00 0.87 0.58 0.92 0.52 0.62 0.76
Janus-Pro [13] 7B 0.99 0.89 0.59 0.90 0.79 0.66 0.80
SANA-1.5 [85] 4.8B 0.99 0.93 0.86 0.84 0.59 0.65 0.81
HiDream-I1-Full [7] 17B 1.00 0.98 0.79 0.91 0.60 0.72 0.83
TAR [30] 7B 0.99 0.92 0.83 0.85 0.80 0.65 0.84
Bagel [18] 14B 0.98 0.95 0.84 0.95 0.78 0.77 0.88
Mogao [48] 7B 1.00 0.97 0.83 0.93 0.84 0.80 0.89

MoS-Image-S 3B 1.00 0.95 0.83 0.89 0.86 0.81 0.89
MoS-Image-L 5B 1.00 0.97 0.82 0.91 0.88 0.80 0.90

Table 3. Performance of Foundational Image Generation Models on the DPG Benchmark [35]. DPG-Bench evaluates long-prompt
alignment in text-to-image models. MoS-Image-L delivers state-of-the-art results across multiple dimensions, ranking just below Lumina.

Model #Param Global↑ Entity↑ Attribute↑ Relation↑ Other↑ Overall↑

DALL-E 3 [58] - 90.97 89.61 88.39 90.58 89.83 83.50
GPT Image 1 [High] [59] - 88.89 88.94 89.84 92.63 90.96 85.15
Seedream 3.0 [23] - 94.31 92.65 91.36 92.78 88.24 88.27
Qwen-Image [79] 20B 91.32 91.56 92.02 94.31 92.73 88.32

SD v1.5 [68] 0.86B 74.63 74.23 75.39 73.49 67.81 63.18
SDXL [62] 6.6B 83.27 82.43 80.91 86.76 80.41 74.65
Playground v2.5 [45] 6.6B 83.06 82.59 81.20 84.08 83.50 75.47
Hunyuan-DiT [46] 1.5B 84.59 80.59 88.01 74.36 86.41 78.87
PixArt-Σ [10] 0.6B 86.89 82.89 88.94 86.59 87.68 80.54
BLIP-3o [11] 8B - - - - - 81.60
Emu3-Gen [78] 8B 85.21 86.68 86.84 90.22 83.15 80.60
FLUX.1 [Dev] [43] 12B 74.35 90.00 88.96 90.87 88.33 83.84
SD3 Medium [21] 2B 87.90 91.01 88.83 80.70 88.68 84.08
Janus-Pro [13] 7B 86.90 88.90 89.40 89.32 89.48 84.19
TAR [30] 7B 83.98 88.62 88.05 93.98 84.86 84.19
Mogao [48] 7B 82.37 90.03 88.26 93.18 85.40 84.33
HiDream-I1-Full [7] 17B 76.44 90.22 89.48 93.74 91.83 85.89
Show-o2-7B [87] 7B 89.00 91.78 89.96 91.81 91.64 86.14
Lumina-Image 2.0 [65] 2.6B - 91.97 90.20 94.85 - 87.20

MoS-Image-S 3B 89.29 92.17 92.09 89.38 90.18 86.33
MoS-Image-L 5B 91.74 90.59 91.29 93.30 91.69 87.01

6. Algorithm Details
As shown in Algorithms 1–2, we provide the procedures for
both training and inference of MoS.

7. Limitation and Future Studies
One-Way to Dual-Way Setting. MoT has demonstrated
strong scalability under early-fusion training. In contrast,
while MoS shows promising results for multimodal gen-
eration, its effectiveness in early-fusion settings remains

to be validated. A principled extension is to endow the
router with multiple projection layers to establish bidirec-
tional transformer connections. We defer this exploration
to future work due to computational and data constraints.

Human Preference Alignment. In this paper, we primar-
ily adopt SFT as the post-training strategy for our mod-
els. Recent studies have explored applying CoT to multi-
modal generation [28] or employing GRPO to better align
generated samples with human preferences [53]. Since our



Table 4. Performance on world knowledge reasoning with WISE [57]. WISE evaluates complex semantic understanding and world
knowledge in text-to-image generation.

Model #Param Cultural↑ Time↑ Space↑ Biology↑ Physics↑ Chemistry↑ Overall↑

GPT Image 1 [High] [59] - 0.81 0.71 0.89 0.83 0.79 0.74 0.80
Qwen-Image [79] 20B 0.62 0.63 0.77 0.57 0.75 0.40 0.62

VILA-U [82] 7B 0.26 0.33 0.37 0.35 0.39 0.23 0.31
SDv1.5 [68] 0.86B 0.34 0.35 0.32 0.28 0.29 0.21 0.32
Janus-Pro [13] 7B 0.30 0.37 0.49 0.36 0.42 0.26 0.35
Emu3-Gen [78] 8B 0.34 0.45 0.48 0.41 0.45 0.27 0.39
SDXL [62] 6.6B 0.43 0.48 0.47 0.44 0.45 0.27 0.43
SD3.5 Large [21] 8.1B 0.44 0.50 0.58 0.44 0.52 0.31 0.46
PixArt-Alpha [10] 0.6B 0.45 0.50 0.48 0.49 0.56 0.34 0.47
Playground v2.5 [45] 6.6B 0.49 0.58 0.55 0.43 0.48 0.33 0.49
FLUX.1 [Dev] [43] 12B 0.48 0.58 0.62 0.42 0.51 0.35 0.50
BAGEL [18] 14B 0.44 0.55 0.68 0.44 0.60 0.39 0.52
UniWorld-V1 [49] 12B 0.53 0.55 0.73 0.45 0.59 0.41 0.55

MoS-Image-S 3B 0.40 0.50 0.65 0.43 0.63 0.37 0.47
MoS-Image-L 5B 0.47 0.56 0.74 0.49 0.64 0.44 0.54

Table 5. Quantitative results on OneIG [8]. The overall score is averaged across five dimensions. With only 5B parameters, our model
matches Imagen4 and trails recent commercial models by a small margin.

Model # Param Alignment↑ Text↑ Reasoning↑ Style↑ Diversity↑ Overall↑

Imagen3 [3] - 0.84 0.34 0.31 0.36 0.19 0.41
Kolors 2.0 [76] - 0.82 0.43 0.26 0.36 0.30 0.43
Recraft V3 [77] - 0.81 0.80 0.32 0.38 0.21 0.50
Imagen4 [27] - 0.86 0.81 0.34 0.38 0.20 0.52
Seedream 3.0 [23] - 0.82 0.87 0.28 0.41 0.28 0.53
GPT Image 1 [High] [59] - 0.85 0.86 0.35 0.46 0.15 0.53
Qwen-Image [79] 20B 0.88 0.89 0.31 0.42 0.20 0.54

Janus-Pro [13] 7B 0.55 0.00 0.14 0.28 0.37 0.27
BLIP3-o [11] 8B 0.71 0.01 0.22 0.36 0.23 0.31
BAGEL [18] 14B 0.77 0.24 0.17 0.37 0.25 0.36
Show-o2 [87] 7B 0.82 0.00 0.23 0.32 0.18 0.31
SDv1.5 [68] 0.86B 0.57 0.01 0.21 0.38 0.43 0.32
SDXL [62] 6.6B 0.69 0.03 0.24 0.33 0.30 0.32
SANA-1.5[85] 4.8B 0.77 0.07 0.22 0.40 0.22 0.33
Lumina-Image 2.0 [65] 2.6B 0.82 0.11 0.27 0.35 0.22 0.35
SD3.5 Large [21] 8.1B 0.81 0.63 0.29 0.35 0.23 0.46
FLUX.1 [Dev] [43] 12B 0.79 0.52 0.25 0.37 0.24 0.43
CogView4 [1] 6B 0.79 0.64 0.25 0.35 0.21 0.45
OmniGen2 [80] 4B 0.80 0.68 0.27 0.38 0.24 0.48
HiDream-I1-Full [7] 17B 0.83 0.71 0.32 0.35 0.19 0.48

MoS-Image-S 3B 0.82 0.82 0.26 0.38 0.20 0.50
MoS-Image-L 5B 0.85 0.87 0.26 0.41 0.19 0.52

model’s behavior remains consistent with standard diffusion
models, it can likewise benefit from such post-training tech-
niques. We leave this direction for future work.

Efficiency Improvement. Our model is relatively smaller
than prior state-of-the-art models, making it naturally more
efficient. Nonetheless, it could be further accelerated
through techniques such as low-precision quantization [84],
model distillation [89], or feature caching [42, 52]. We
leave these directions for future exploration.

Explainability. The MoS router predicts the relative im-
portance of each potential connection, which offers a basis
for interpreting cross-modal interactions. While this prop-
erty may provide insights into model explainability, such
analysis lies beyond the scope of this work and is left for
future investigation.

Visual Artifacts. The primary goal of this paper is to ad-
dress the challenge of instruction-following in multimodal
generation. Nevertheless, our model still faces issues sim-
ilar to other DiT or unified models, such as producing ar-



Table 6. Performance of Foundational Image Editing Models on ImgEdit Benchmark [88]. Greyed rows indicate models lacking clear
configuration references, which prevents fair comparison.

Model #Param Add↑ Adjust↑ Extract↑ Replace↑ Remove↑ Back.↑ Style↑ Hybrid↑ Action↑ Overall↑

FLUX.1 Kontext [Pro][4] - 4.25 4.15 2.35 4.56 3.57 4.26 4.57 3.68 4.63 4.00
GPT Image 1 [High] [59] - 4.61 4.33 2.90 4.35 3.66 4.57 4.93 3.96 4.89 4.20
Qwen-Image [79] 20B 4.38 4.16 3.43 4.66 4.14 4.38 4.81 3.82 4.69 4.27

MagicBrush [92] 0.86B 2.84 1.58 1.51 1.97 1.58 1.75 2.38 1.62 1.22 1.90
Instruct-Pix2Pix [6] 0.86B 2.45 1.83 1.44 2.01 1.50 1.44 3.55 1.20 1.46 1.88
AnyEdit [90] 0.86B 3.18 2.95 1.88 2.47 2.23 2.24 2.85 1.56 2.65 2.45
UltraEdit [94] 2.5B 3.44 2.81 2.13 2.96 1.45 2.83 3.76 1.91 2.98 2.70
OmniGen [83] 3.8B 3.47 3.04 1.71 2.94 2.43 3.21 4.19 2.24 3.38 2.96
ICEdit [93] 0.2B 3.58 3.39 1.73 3.15 2.93 3.08 3.84 2.04 3.68 3.05
Step1X-Edit [55] 12B 3.88 3.14 1.76 3.40 2.41 3.16 4.63 2.64 2.52 3.06
BAGEL [18] 14B 3.56 3.31 1.70 3.30 2.62 3.24 4.49 2.38 4.17 3.20
UniWorld-V1 [49] 12B 3.82 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74 3.26
OmniGen2 [80] 4B 3.57 3.06 1.77 3.74 3.20 3.57 4.81 2.52 4.68 3.44

MoS-Editing-S 3B 4.40 4.02 2.39 4.80 4.60 4.52 4.68 3.80 4.31 4.17
MoS-Editing-L 5B 4.63 4.47 2.04 4.85 4.73 4.85 4.71 4.16 4.52 4.33

Table 7. Performance of Foundational Image Editing Models on GEdit Benchmark [55]. Greyed rows indicate models lacking clear
configuration references, which prevents fair comparison.

Model #param G-Semantic Consistency↑ G-Perceptual Quality ↑ G.-Overall↑

Gemini 2.0 [17] - 6.73 6.61 6.32
FLUX.1 Kontext [Pro][4] 7.02 7.60 6.56
GPT Image 1 [High] [59] - 7.85 7.62 7.53
Qwen-Image [79] 20B 8.00 7.86 7.56

Instruct-Pix2Pix [6] 0.86B 3.58 5.49 3.68
AnyEdit [90] 0.86B 3.18 5.82 3.21
MagicBrush [92] 0.86B 4.68 5.66 4.52
UniWorld-V1 [49] 12B 4.93 7.43 4.85
OmniGen [83] 3.8B 5.96 5.89 5.06
OmniGen2 [80] 4B 7.16 6.77 6.41
BAGEL [18] 14B 7.36 6.83 6.52
Step1X-Edit [55] 12B 7.66 7.35 6.97

MoS-Editing-S 3B 8.00 7.34 7.41
MoS-Editing-L 5B 8.54 7.64 7.86

tifacts when the generated objects are very small (see our
visualizations).



Algorithm 1 Training procedure of MoS

Require: Paired training data (z0, c); understanding tower
U ; generation tower G; router R; number of layers
m,n; top-kϵ selection function.

1: 1. Encode input.
2: Extract hidden states from the understanding tower:

U(c) = {Sc
i | i ∈ [1,m]}

3: 2. Sample diffusion step.
4: Randomly sample timestep t ∼ Uniform(1, T ) and ob-

tain noisy latent zt.
5: 3. Predict routing weights.
6: Compute router logits:

W = R(c, t, zt)

where W ∈ Rm×n and wij denotes the routing weight
from the i-th understanding layer to the j-th generation
layer.

7: Normalize logits:

W = softmax(W)

where the softmax operation is applied to each column
w1:m,j of W .

8: 4. Construct conditional signal for each generation
block.

9: for j = 1 to n do
10: Select indices of top-k elements under ϵ-greedy

rule:
Ij = top-kϵ(w1:m,j)

11: Compute the conditional context:

Sc
j =

∑
i∈Ij

wij · Sc
i .

12: Fuse with the generation tower features:

Hj = Concat
(
Proj(Sc

j),S
z
j

)
13: Perform Generation Tower Block-j on Hj to update

Sz
j to Sz

j+1.
14: end for
15: 5. Compute loss.
16: Apply the diffusion objective (e.g., ℓ2 loss) between

predicted and ground-truth z0.

Algorithm 2 Inference procedure of MoS

Require: Conditioning input c; understanding tower U ;
generation tower G; router R; number of steps T ; num-
ber of top connections k; number of layers m,n.

Ensure: Generated sample ẑ0

1: 1. Encode conditioning signal.
2: Obtain hidden states from the understanding tower:

U(c) = {Sc
i | i ∈ [1,m]}.

3: 2. Initialize latent.
4: Sample initial noise ẑ1 ∼ N (0, I).
5: 3. Iterative denoising.
6: for t = 1 down to 0 do
7: Compute router logits:

W = R(c, t, ẑt)

8: Normalize logits:

W = softmax(W)

9: for j = 1 to n do
10: Select top-k indices under ϵ-greedy rule:

Ij = top-kϵ(w1:m,j)

11: Compute the conditional context:

Sc
j =

∑
i∈Ij

wij · Sc
i .

12: Fuse with the generation tower features:

Hj = Concat
(
Proj(Sc

j),S
z
j

)
13: Perform Generation Tower Block-j on Hj to

update Sz
j to Sz

j+1.
14: end for
15: Predict ẑt−1 with v̂t = G(zt,W,U(c)) following

the diffusion sampling rule.
16: end for
17: 4. Decode.
18: Obtain final output ẑ0 via the decoder of G.
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