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A. Author Contribution Statement
• Jierun Chen developed the efficient UNet and AE

decoder, enabling 1K resolution image generation on
mobile devices for the first time. On ImageNet class-
conditional generation, the UNet achieves an FID score
on par with the recent SiT-X model while reducing
parameters by 45% and compute resources by 68%.
The tiny decoder is 36× smaller and 54× faster than
conventional decoders (e.g., those from SDXL and SD3)
for high-resolution mobile generation. He also initiated
the early T2I diffusion training and contributed to the
on-device deployment.

• Dongting Hu designed and implemented the training
pipeline, integrating various text encoders and incorpo-
rating a flow-matching objective to enable knowledge
distillation from scalable DiT-based models (SD3.5). He
prepared high-quality training data and trained the T2I
base model, achieving an initial GenEval score of 0.61.
He also built the distillation pipeline and contributed to
multi-level knowledge distillation, significantly enhanc-
ing the model’s GenEval score to 0.66 and improving
generation quality based on human evaluations. His work
on step distillation further enabled efficient high-quality
generation, achieving a GenEval score of 0.63 with 8-step
generation and 0.61 with 4-step generation. Additionally,
he managed latent decoder training, ensuring close
reconstruction quality to SD3 decoder, and facilitated on-
device deployment. He developed the mobile app using
the Core ML Diffusers framework, which achieved 1K
resolution image generation on-device in approximately
1.4 seconds, as demonstrated in the demo.

• Xijie Huang proposed the multi-level knowledge distil-
lation scheme to improve the generation quality of our
model, achieving comparable performance to the DiT-
based teacher (SD3.5) across various quantitative bench-
marks (e.g., boosting GenEval performance from 0.61 to
0.66) and human evaluation. Specifically, he analyzed the
scale difference between the distillation loss and task loss
across different timesteps and proposed a timestep-aware
scaling operation. He also worked on adversarial step dis-
tillation to enable efficient and effective 4/8-step genera-
tion, leading to optimal latency on mobile devices. He
also conducted evaluations of our model across various
benchmarks including DPG-Bench and ImageReward.

B. Demo on Mobile Devices
We present an on-device demo showcasing the capabili-
ties of our efficient text-to-image model in generating high-
resolution images (1024×1024 pixels) directly on mobile
phones. The application is implemented based on the open-
source Swift Core ML Diffusers framework1. Upon launch-
ing the application, users can input textual prompts and
generate corresponding images by clicking the “Generate”
button. A screenshot of the deployed application is shown
in Fig. 1, and a more detailed demonstration can be found
in the webpage.

Figure 1. Demo on iPhone 16 Pro-Max. We report the forward
time for each 4-step generation, excluding the model loading time.

C. Detailed Results on Benchmarks
We present detailed results for GenEval and DPG-Bench
in Tab. 1 and Tab. 2, respectively. On GenEval, our
model demonstrates exceptional performance in capturing
color and positional attributes, with the counting subcate-
gory showing significant improvement due to our proposed
knowledge distillation (KD) scheme.

1https://github.com/huggingface/swift-coreml-diffusers

https://snap-research.github.io/snapgen


Table 1. Detailed Results of GenEval Bench Comparisons.

Model Param Overall ↑ Single Object Two Objects Counting Colors Position Color Attribution

PixArt-� [4] 0.6B 0.48 0.98 0.50 0.44 0.80 0.08 0.07
PixArt-Σ [5] 0.6B 0.53 0.99 0.65 0.46 0.82 0.12 0.12
SD-1.5 [1] 0.9B 0.43 0.97 0.38 0.38 0.76 0.04 0.06
SD-2.1 [2] 0.9B 0.50 0.98 0.51 0.44 0.85 0.07 0.17
KOALA [15] 1.0B 0.52 0.99 0.65 0.45 0.80 0.10 0.15
MicroDiT [21] 1.2B 0.46 0.97 0.46 0.33 0.78 0.09 0.20
Sana [22] 1.6B 0.66 0.99 0.77 0.62 0.88 0.21 0.47
LUMINA-Next [24] 2.0B 0.46 0.92 0.46 0.48 0.70 0.09 0.13
SDXL [19] 2.6B 0.55 0.98 0.74 0.39 0.85 0.15 0.23
PlayGroundv2 [17] 2.6B 0.59 0.98 0.73 0.67 0.82 0.14 0.22
PlayGroundv2.5 [17] 2.6B 0.56 0.98 0.77 0.52 0.84 0.11 0.17
IF-XL [6] 5.5B 0.61 0.97 0.74 0.66 0.81 0.13 0.35

Ours w/o KD 0.38B 0.61 0.98 0.77 0.43 0.89 0.18 0.38
SnapGen (ours) 0.38B 0.66 1.00 0.84 0.60 0.88 0.18 0.45

Table 2. Detailed Results of DPG-Bench Comparisons.

Model Param Overall ↑ Global Entity Attribute Relation Other

PixArt-� [4] 0.6B 71.1 75.0 79.3 78.6 82.6 77.0
PixArt-Σ [5] 0.6B 80.5 86.9 82.9 88.9 86.6 87.7
SDv1.5 [1] 0.9B 63.2 74.6 74.2 75.4 73.5 67.8
SDv2.1 [2] 0.9B 64.2 72.7 72.8 75.8 82.2 76.5
KOALA [15] 1.0B 74.3 83.9 81.8 81.2 87.0 61.6
MicroDiT [21] 1.2B 75.1 80.2 82.0 80.8 86.0 60.8
Sana [22] 1.6B 84.8 86.0 91.5 88.9 91.9 90.7
LUMINA-Next [24] 2.0B 74.6 82.8 88.7 86.4 80.5 81.8
SDXL [19] 2.6B 74.7 83.3 82.4 80.9 86.8 80.4
PlayGroundv2[17] 2.6B 74.5 83.6 79.9 82.7 80.6 81.2
PlayGroundv2.5[17] 2.6B 75.5 83.1 82.6 81.2 84.1 83.5
IF-XL [6] 5.5B 75.6 77.7 81.2 83.3 81.8 82.9

Ours w/o KD 0.38B 76.3 77.8 83.7 84.3 86.7 77.4
SnapGen (ours) 0.38B 81.1 88.3 85.1 87.0 87.3 87.6

D. Reconstruction by VAE Decoders
We compare reconstruction results between the SD3 VAE
decoder (49.55M parameters) and our tiny decoder (1.38M
parameters) in Fig. 2. Despite being 36× smaller, our tiny
decoder achieves competitively high visual quality across
images with intricate textures, text, and human faces.

E. Mixtures of Text Encoders
We use CLIP-L and CLIP-G for mobile inference given
their small sizes (123M, 302M) and low latency (4ms, 23ms
on iPhone16). For cloud inference, we incorporate Gemma-
2-2b to handle long prompts.

F. Visualization of Few-step Generation
In Fig. 3, we present qualitative comparisons of the 4- and
8-step T2I generation quality of our model, both with and
without step distillation. The results demonstrate that the
4- and 8-step generations, following step distillation, not
only significantly outperform the baseline model but also
deliver quality comparable to the 28-step generation. Re-
markably, the few-step generation captures finer details and
mitigates the over-saturation issue commonly observed in

Ours (PSNR: 27.85)SD3 (PSNR: 27.92)Original Images

Figure 2. Comparisons of Decoder Reconstruction between
SD3 decoder and our tiny decoder. Zoom in for better viewing.

the 28-step generation. Additionally, it exhibits superior
prompt-following fidelity, making it a more efficient and ef-
fective approach for high-quality T2I generation.

G. Additional T2I Comparison and Examples

We present additional qualitative visualizations compar-
ing 1024×1024 generations across various T2I models
in Figs. 4 and 5. Furthermore, we showcase additional T2I
examples generated by our model in Figs. 6 and 7, with
corresponding prompts detailed in Tab. 4. These results
demonstrate the exceptional prompt adherence and realis-
tic generation quality achieved by our model.



H. Ablation Study on Knowledge Distillation

To demonstrate how the proposed knowledge distillation
scheme improves the T2I generation quality of our model,
we provide additional ablation studies into different distil-
lation loss terms and the timestep-aware scaling operations
(t-scaling) in Tab. 3. As listed in the results, distillation at
all levels consistently improves our model in both GenEval
and ImageReward scores.

Table 3.Abalation Study on KD Components.

L task L kd L featkd t-scaling GenEval" ImageReward"

X 0.61 1.20
X X 0.62 1.23
X X X 0.64 1.26
X X X X 0.66 1.32

I. Large-scale T2I Training Details

Our training is conducted across 8 nodes, each equipped
with 8 NVIDIA A100 80G GPUs, resulting in a total of 64
GPUs. The training batch size per GPU is set to 128 for
5122 resolution, 48 for 10242 without knowledge distilla-
tion, and 32 for 10242 with knowledge distillation. Gradi-
ent checkpointing is employed to accommodate larger batch
sizes. For step distillation, we use Fully Sharded Data Paral-
lel (FSDP) and set gradient accumulation steps to 4, achiev-
ing an effective batch size of 16 per GPU. We optimize the
model using the AdamW optimizer with a weight decay of
0:01and(� 1; � 2) = (0 :9; 0:999). The learning rate remains
constant during training and is scaled based on the batch
size for the current training stage. For a total batch size of
1024, we use a learning rate of5 � 10� 5. The data collec-
tion and �ltering pipeline for the T2I training dataset fol-
lows the approach described by Kag et al. [12]. For uncon-
ditional diffusion guidance [9], we set the outputs of each of
the three text encoders independently to zero with a prob-
ability of 46:4%, such that we roughly train an uncondi-
tional model in10% of all steps. Additionally, we apply
the Exponential Moving Average (EMA) with a decay rate
of 0:999. We use CLIP-L and CLIP-G for mobile inference
given their small sizes (123M, 302M) and low latency (4ms,
23ms on iPhone16). For cloud inference, we incorporate
Gemma-2-2b to handle long prompts.

J. ImageNet-1K Class-conditional Generation

We provide the experimental settings when examining each
design choice in developing our ef�cient UNet. We train
and evaluate them on the ImageNet-1K class-conditional
generation task at a resolution of256� 256. To incorpo-
rate class conditions, we use a text template of the form “a
photo of < class name> ”, which can be seamlessly fused
by the cross-attention layer. As the dataset provides multi-

ple names per class, we select one at random during both
training and inference to enrich text mappings. This text
is encoded by a compact CLIP-ViT/L14 [20] text encoder.
For latent diffusion, we convert input images into latent
using an 8-channel AE. We pre-compute both the image
latent and the text embeddings, which reduces the GPU
memory and non-trivial computation time during training.
We adopt DDPM [10] as our training objective, applying
a linear noise scheduler over1000 time steps. Models
are trained for120 epochs (and1000 epochs for the �-
nal model) with a batch size of1024. The AdamW opti-
mizer is used with a learning rate of3e-4, weight decay
of 0:01, and (� 1; � 2) = (0 :9; 0:99). For inference, we
utilize the Heun [13] discrete scheduler with30 sampling
steps. We report the lowest FID score for each model vari-
ant, using classi�er-free guidance (cfg) [8] within a scale
range of[1:3; 2:0]. For the �nal model, we implement var-
ied cfg [3, 14] in steps[10; 30] with cfg scaling from 1.1 to
5.4.

K. Evaluation Metrics Details

GenEval [7] is an object-focused evaluation framework for
T2I models based on object detection and color classi�ca-
tion to verify the �ne-grained object properties in the gen-
erated images. Concretely, 6 tasks with different dif�culties
are focused in GenEval: single object, two object, counting,
colors, position, and attribute binding. The prompts in the
GenEval benchmark are generated from task-speci�c tem-
plates �lled with randomly sampled object names (from 80
MS COCO [18] class names), colors, numbers, and relative
positions. There are a total of 553 prompts in GenEval and
these prompts are usually concise (less than 20 tokens).
DPG-Bench[11] is a benchmark mainly focused on dense
prompts that describe multiple objects characterized by var-
ious attributes and relationships. The average number of
tokens calculated by the CLIP tokenizer is 83.91, signi�-
cantly longer than previous benchmarks such as 12.65 for
T2I-CompBench and 12.20 for PartiPrompts. There are
a total of 4286 prompts, spanning �ve categories: entity,
global, attribute, relation, and other. 4 images are generated
for each prompt and mPLUG-large [16] is used as the ad-
judicator to evaluate the generated images according to the
designated questions.
Image Reward[23] is a zero-shot metric to encode the hu-
man preference on the text-to-image results. The model
uses BLIP as the backbone and an MLP to obtain a scalar
for preference comparison. After training on human-
annotated preference data with ratings on alignment, �-
delity, and harmlessness, the reward model aligns with hu-
man preference. Different from GenEval and DPG-Bench,
we observe that Image Reward prefers images with detailed
textures and backgrounds with rich color patterns.



Figure 3.Few-step generation qualitative comparison at10242 resolution. The prompts used in these examples are from PixArt [4].



Figure 4.Additional Qualitative Comparison. Our model demonstrates competitive visual quality and superior prompt-following ability.
Input text prompts are shown above each image grid; all images are generated at10242 resolution. Zoom in for details.



Figure 5.Additional qualitative comparison at10242 resolution. Zoom in for details.
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