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Figure 1: Examples of high-resolution images generated by a 2.3B U-ViT 1K model.

ABSTRACT

We empirically study the scaling properties of various Diffusion Transformers
(DiTs) for text-to-image generation by performing extensive and rigorous ablations,
including training scaled DiTs ranging from 0.3B upto 8B parameters on datasets
up to 600M images. We find that U-ViT, a pure self-attention based DiT model
provides a simpler design and scales more effectively in comparison with cross-
attention based DiT variants, which allows straightforward expansion for extra
conditions and other modalities. We identify a 2.3B U-ViT model can get better
performance than SDXL UNet and other DiT variants in controlled setting. On the
data scaling side, we investigate how increasing dataset size and enhanced long
caption improve the text-image alignment performance and the learning efficiency.

1 INTRODUCTION

Transformer (Vaswani et al., 2017)’s straightforward design and ability to scale efficiently has driven
significant advancements in large language models (LLMs) (Kaplan et al., 2020). Its inherent
simplicity and ease of parallelization makes it well-suited for hardware acceleration. Diffusion
Transformers (DiTs) (Peebles & Xie, 2023; Bao et al., 2023) initially replaces UNet with transformers
for diffusion-based image generation results in the proposal of numerous variants (Chen et al., 2024b;
Esser et al., 2024b; Crowson et al., 2024; Gao et al., 2024; Li et al., 2024b) and has since successfully
expanded into video generation (Brooks et al., 2024).

Despite the rapid evolution of DiT models, a comprehensive comparison between various DiT
architectures and UNet-based models for text-to-image generation (T2I) is still lacking. The impact
of model design on DiT’s ability to accurately translate text descriptions into images (text-to-image
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alignment) remains unclear. Furthermore, the optimal scaling strategy for transformer models in T2I
tasks compared to UNet is yet to be determined. The challenge of establishing a fair comparison is
further compounded by the variation in training settings and the significant computational resources
required to train these models.

In this work, we empirically study the scaling properties of several representative DiT architectures
for T2I by performing rigors ablations, including training scaled DiTs ranging from 0.3B to 8B
parameters on datasets up to 600M images in controlled settings. Specifically, we ablate and scale
three DiT variants, i.e., PixArt-� (Chen et al., 2024b), LargeDiT (Gao et al., 2024), and U-ViT (Bao
et al., 2023). We train them from scratch on large-scale datasets without using pre-trained DiT
initialization or ImageNet pre-training. All DiT variants are trained in a controlled setting with
the same autoencoder, text encoder and training settings for fair comparison. We find that U-ViT’s
simpler architecture design facilitates efficient model scaling and supports image editing by simply
expanding condition tokens. Finally, we explore the impact of dataset scaling, considering both
dataset size and caption density. The main contributions of our work include:

• We compare the architecture design of three text conditioned DiT models including scaled PixArt-�,
LargeDiT and U-ViT variants in controlled settings, allowing a fair comparison of recent DiT
variants for real-world text-to-image generation.

• We scale the three DiT variants along depth and width dimensions and verify their scalability with
model size as large as 8B. We find that the U-ViT architecture, a full self-attention based ViT with
skip connections, has competitive performance with other DiT designs. The scaled 2.3B U-ViT can
outperform SDXL’s UNet and much larger PixArt-� and LargeDiTs.

• We verified that the full self-attention design of U-ViT allows training image editing model
by simply concatenating masks or condition image as condition tokens, which shows better
performance than traditional channel concatenation approach.

• We examined why long caption enhancement and dataset scaling help to improve the text-image
alignment performance. We find captions with higher information density can yield better text-
image alignment performance.

2 RELATED WORK

Transformers for T2I U-Net (Ronneberger et al., 2015) was the de facto standard backbone for
diffusion based image generation since (Ho et al., 2020) and is widely used in text-to-image models
including LDM (Rombach et al., 2021), SDXL (Podell et al., 2023), DALL-E (Ramesh et al., 2022)
and Imagen (Saharia et al., 2022). U-ViT (Bao et al., 2023) treats all inputs including the time,
condition and noisy image patches as tokens and employs ViT equipped with long skip connections
between shallow and deep layers, suggesting the long skip connection is crucial while the downsam-
pling and up-sampling operators in CNN-based U-Net are not always necessary. DiT (Peebles & Xie,
2023) replaces U-Net with Transformers for class-conditioned image generation and identify there
is a strong correlation between the network complexity and sample quality. PixArt-� (Chen et al.,
2024b) extends DiT (Peebles & Xie, 2023) for text-conditioned image generation by initializing from
DiT pre-trained weights. PixArt-� (Chen et al., 2024a) upgrades PixArt-� with stronger VAE, larger
dataset and longer text token limit. It introduces token compression to support 4K image generation.
Those DiT variants are mostly around 0.6B and focus on showing comparable results with U-Net.

Scaling DiTs HourglassDiT (Crowson et al., 2024) introduces hierarchical design with down/up
sampling in DiT and reduces the computation complexity for high resolution image generation.
SD3 (Esser et al., 2024b) presents a transformer-based architecture that uses separate weights for
the image and text modalities and enables a bidirectional flow of information between image and
text tokens. They parameterize the size of the model in terms of the model’s depth and scale up
the backbone to 8B. Large-DiT (Gao et al., 2024) incorporates LLaMA’s text embedding (Touvron
et al., 2023) and scales the DiT backbone. Specifically, they modify the causal attention of LLaMA
to a bidirectional attention mechanism. They normalize the key and query within the attention
mechanism. They show scaling-up parameters up to 7B can improve the convergence speed. They
further extend it for generating multiple modalities in flow-based Lumnia-T2X (Gao et al., 2024) and
Lumina-Next (Zhuo et al., 2024).
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Figure 2: Illustration of the design of SDXL U-Net, DiT (e.g., PixArt-� /LargeDiT) and U-ViT.

3 SCALING DIFFUSION TRANSFORMERS

We ablate and scale three DiT variants, i.e., PixArt-� (Chen et al., 2024b), LargeDiT (Gao et al.,
2024), and U-ViT (Bao et al., 2023) in controlled settings. Fig. 2 compares the archtiecture design
among U-Net, DiT and U-ViT. To fairly compare DiT variants with U-Net models, we replace
SDXL's U-Net with the DiT backbones and keep other components the same, i.e., we use SDXL's
VAE and OpenCLIP-H (Ilharco et al., 2021) text encoder.

3.1 ABLATION SETTINGS

Model Design Space We ablate the transformer-based diffusion model design in the following
dimensions: 1) hidden dimensionh: we scale it from 1024 to 3072. 2) transformer depthd: we scale
the transformer blocks from 28 to 80. 3) number of headsn, we keep it �xed to 16 or 32.

Training Settings We mainly train models and perform ablations on our curated datasetLensArt,
which contains 250M text-image pairs. For additional data scaling experiment in later sections, we
also use our curated datasetSSTK, which contains 350M text-image pairs. We train all models at
256� 256 resolution with batch size 2048 up to 600K steps. We follow the setup of LDM (Rombach
et al., 2021) for DDPM schedules. We use AdamW (Loshchilov & Hutter, 2019) optimizer with 10K
steps warmup and then constant learning rate8e� 5. We employ mixed precision training with BF16
precision and enable FSDP (Zhao et al., 2023) for large models.

Evaluation We use the DDIM sampler (Song et al., 2020) in 50 steps with �xed seed and CFG
scale (7.5) for inference. We follow the setting of (Li et al., 2024a) for evaluation on composition
ability and image quality with: 1)TIFA (Hu et al., 2023) measures the faithfulness of a generated
image to its text input via VQA. It contains 4K collected prompts and corresponding question-answer
pairs generated by a language model. Image faithfulness is calculated by checking whether existing
VQA models can answer these questions using the generated image. 2)ImageReward(Xu et al.,
2023) was learned to approximates human preference. We calculate the average ImageReward score
over images generated with sampled 10K MSCOCO (Lin et al., 2014) prompts. More evaluation
metrics can be found in Appendix D.

3.2 SCALING PIX ART-�

Previous study (Li et al., 2024a) scales PixArt-� (Chen et al., 2024b) from 0.5B to 1.1B to compare
with similar sized U-Nets. They �nd that similar sized PixArt-� performs worse than U-Net. We
followed their setting and further scaled PixArt-� upto 3.0B from both depth and width dimensions.
For depth scaling, we �xh at 1024 and 1536 while changingd from 28 to 80. For width scaling,
we �x d to 28 and 42 while changingh from 1152 to 2048. Fig. 3 shows how TIFA score scales
along depth and width dimensions. All PixArt-� variants yield lower TIFA and ImageReward scores
in comparison with SD2 U-Net trained in same steps, e.g., SD2 U-Net reaches 0.80 TIFA at 250K
steps while the 0.9B PixArt-� variant gets 0.78. Chen et al. (2024b) also report that training without
ImageNet pre-training tends to generate distorted images in comparison to models initialized from
pre-trained DiT weights, which is trained 7M steps on ImageNet. Though Chen et al. (2024b)
proves that U-Net is not a must for diffusion models, PixArt-� variants do take longer iterations and
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more compute to achieve similar performance as U-Net. The 3B PixArt-� model still cannot match
SD2-U-Net within same training steps.

Figure 3: Scaling PixArt-� on the depth and width dimensions.

3.3 SCALING LARGEDIT

We further employ LargeDiT (Gao et al., 2024) as the denoising backbone and explore its scaled
version. The original LargeDiT comes with 0.6B, 3B1, and 7B pre-trained versions. We ablate
LargeDiT in the dimension of depth, hidden dimension, and number of heads. As shown in Fig. 4,
the 1.7B LargeDiT-h1536-d42-n32 is on par with SD2 U-Net with 0.80 TIFA. The LargeDiT models
start to surpass SD2 U-Net since the 2.9B model (h2048-d42-n32). The 4.4B variants shows close
metrics to SDXL TD4-4 U-Net at 600K steps. However, further enlarging the model does not improve
the performance. The 7.6B model variant gets similar performance as the 4.4B version, and there is
still a gap with SDXL U-Net.

Figure 4: Scaling LargeDiT variants from 1.7B to 7.6B.

3.4 SCALING U-V ITS

Scaling the hidden dimension and layer depth We train scaled U-ViT variants to see whether we
can get better performance than U-Net. We start from the original 0.6B version (h1152-d28-n16)
and scale along both depth and width dimensions to get the 1.3B version (h1536-d42-n16). As
shown in Fig. 5, further increasing hidden dimensionh to 2048 results in the 2.3B U-ViT model
(h2048-d42-n16), which shows signi�cantly better performance than SD2 U-Net and matches SDXL
U-Net in both TIFA and ImageReward after 500K steps. To further scale the backbone, we increased
h to 2560 andd to 56 on top of the 2.3B model, resulted in the 3.1B and 3.7B model. However, we
did not observe signi�cantly improved performance. Table. 1 shows detailed con�gurations. We can
see that the 2.3B U-ViT's inference latency is 75% and 66% less than SDXL U-Net at 256 and 512
resolution respectively, though its thoretical GMACs is 3� more.

Comparison with PixArt- � and LargeDiT at Different Scales The major difference among
different DiT variants lie in the block design and the integration of text conditioning. Here we

1We �nd it occupies 4.4B in our setting, and aligns with LuminaT2X's 5B setting.

4



216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

Under review as a conference paper at ICLR 2025

Table 1: Sampling space for scaling U-ViT and their inference cost at different resolutions. The
latency is end-to-end inference time (s) with DDIM 50 steps on H100 GPUs, the relative latency (%)
is compared with SDXL. All models use the same VAE, text encoder and patch size 2.

Model h d n Params (B) 256x256 512x512 1024x1024
TMACs Latency % TMACs Latency % TMACs Latency %

SD2 (Rombach et al., 2021) 0.9 0.09 1.81 0.34 1.35 3.31 0.60 1.35 3.22 0.53
SDXL-TD4-4 (Li et al., 2024a) 1.3 0.14 3.28 0.62 0.55 3.7 0.67 2.18 4.12 0.67
SDXL (Podell et al., 2023) 2.4 0.20 5.30 1.00 0.75 5.52 1.00 2.98 6.12 1.00
PixArt-� (Chen et al., 2024b) 1152 28 16 0.6 0.14 1.76 0.33 0.54 1.77 0.32 2.14 4.32 0.71
LargeDiT-5B (Gao et al., 2024) 3072 32 32 4.4 0.11 2.24 0.42 3.84 2.85 0.52 15.09 10.97 1.79
LargeDiT-7B (Gao et al., 2024) 4096 32 32 7.6 1.90 2.23 0.42 6.86 4.17 0.76 26.96 16.22 2.65
U-ViT-Large (Bao et al., 2023) 1024 20 16 0.3 0.10 0.68 0.13 0.31 0.76 0.14 1.19 2.26 0.37
U-ViT-Huge (Bao et al., 2023) 1152 28 16 0.5 0.17 0.99 0.19 0.55 1.02 0.18 2.08 4.17 0.68

Scaled U-ViTs

1536 42 16 1.30 0.44 1.25 0.24 1.45 1.35 0.24 5.50 6.76 1.10
2048 32 16 1.8 0.60 0.98 0.18 1.98 1.44 0.26 7.49 6.78 1.11
2048 42 16 2.3 0.78 1.31 0.25 2.58 1.85 0.34 9.77 8.60 1.41
2048 64 16 3.6 1.18 1.89 0.36 3.90 2.79 0.51 14.78 13.20 2.16
3072 32 32 4.0 1.35 1.11 0.21 4.45 2.72 0.49 16.86 15.40 2.52
3072 42 32 5.3 1.76 1.3 0.25 5.80 3.53 0.64 21.98 20.32 3.32
3072 48 32 6.0 2.00 1.49 0.28 6.61 4.01 0.73 25.00 22.80 3.73
3072 64 32 8.0 2.66 1.98 0.37 8.78 5.30 0.96 33.25 30.00 4.90

Figure 5: Scaling U-ViT along hidden dimensionh, depthd and combined dimensions on LensArt.

compare PixArt-� , LargeDiT and U-ViT in similar architecture settings. Speci�cally, we compare
them in the con�gurations of original DiT-XL (0.6B) and their scaled versions at the 2B level. Fig. 6
(a) shows that at small architecture scales (0.6B), the U-ViT model converges slower but still results
in competitive or better results at later stage. When the model scales both hidden dimension and depth
to parameter size at 2B level, the U-ViT model converges faster than LargeDiT and PixArt-� models.
We conjecture the difference lies in how the textual information is processed by the diffusion models.
For DiT models the textual condition is passed at all layers and is processed by a cross-attention
layer. However, for U-ViT, the textual information is only passed once in the �rst layer along with the
image patches, and is then processed by the transformer. We observe in Fig. 6 that for larger latent
dimension, the re�nement of textual information by the U-ViT is essential for scaling as it enables
the model to outperform PixArt-� and LargeDiT. We will verify this conjecture in Sec 4.2.

Figure 6: Comparing different DiT designs in similar architecture hyperparameters at different scales.
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4 ABLATING U-V ITS

To understand why scaled U-ViT outperforms U-Net, PixArt-� and LargeDiT variants, we �rst
analyze the design of U-Net and U-ViT, and then ablate the effect of text encoder �ne-tuning.

4.1 COMPARING U-NET AND U-V IT

The major difference between U-Net and U-ViT lies at that: 1) U-Net has down/up sampling layers,
the text embedding is sent to every spatial Transformer blocks; there are skip connections connecting
input and output blocks. 2) U-ViT has no down/up sampling layers. The condition tokens are
contacted with timestep embedding at the beginning of the input. Bao et al. (2023) show that the long
skip connection is crucial, while the downsampling and up-sampling operation in CNN-based U-Net
are not always necessary.

Figure 7: (a) The effect of removing downsampling and using �xed channels in U-Net. (b) The effect
of skip connection in U-Net. (c) The effect of skip connection in U-ViT.

The Effect of Down/Up sampling in U-Net To make U-Net more like transformers, we remove the
down/up sampling layers in U-Net and �x the numer of channels per layer. As shown in Fig. 7(a), the
consistent channel size (320) without down/up sampling results in a much smaller model (162M) and
worse performance. Further increasing the initial channels (from 320 to 640) signi�cantly improves
the performance, which indicates the importance of channel number (width) for U-Net.

Skip Connections in U-Net and U-ViT We ablate the effect of skip connections in a smaller version
of SDXL with 1.3B parameters (SDXL-TD4_4 (Li et al., 2024a)). As shown in Fig. 7(b), removing
residual connection has slower convergence than original U-Net, which implies the importance of
skip connection in U-Net. To ablate the effect of skip connections in U-ViT, we �rst train a small
U-ViT with depth 28 as PixArt-� with hidden dimension 1024. We also train the same U-ViT but
with the skip connection disabled. Fig. 7(c) veri�es that the importance of skip connections in U-ViT.
Note that the in-context conditioning scheme in DiT (Peebles & Xie (2023)) is similar to the self-
attention in U-ViT. While Peebles & Xie (2023) show inferior performance of in-context conditioning
comparising with the cross-attention design, the success of U-ViT indicates the importance of skip
connection to make in-context conditioning working.

4.2 SELF-ATTENTION AS FINE-TUNING TEXT ENCODERS

In this section, we explore how �ne-tuning text encoder impacts the performance for cross-attention
and self-attention based models. Currently all T2I models (Podell et al., 2023; Ramesh et al.,
2022; Saharia et al., 2022; Bao et al., 2023; Chen et al., 2024b) keep the text encoder frozen during
training. And cross-attention based backbones like UNet, PixArt-� and LargeDiT cross-attend the
text embeddings with the latent visual tokens, where the text tokens are �xed in each transformer
block. U-ViT concatenates the text tokens with image tokens and passes them through a sequence of
transformer blocks, where the text conditioning tokens are modi�ed after each transformer block.
The transformer blocks in U-ViT can therefore beimplicitly considered as part of text encoder which
is being �ne-tuned.

We empirically test the hypothesis by training cross-attention based models and self-attention based
models on LensArt with frozen and non-frozen text encoder. We also ablate the effect of different
text encoders when �ne-tuning is enabled. We train the denoising backbone using a learning rate
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Figure 8: (a) Comprising �ne-tuning and freezing text encoder during training for cross-attention
based models including UNet, PixArt-� and LargeDiT. (b) Fine-tuning and freezing text encoder with
0.6B and 2.3B U-ViT. (c) Training the 0.6B U-ViT with �xed/trainable OpenCLIP-H and stronger
text-encoders including T5XL and T5XXL. Fine-tuning OpenCLIP-H achieves similar performance
as using �xed T5XXL.

of 8e-5, and �ne-tune the text encoder with a lower learning rate of 8e-6 and weight decay of 1e-4
to prevent from over�tting and diverging too much from the original weights. Fig. 8(a) shows that
�ne-tuning text encoder results in better performance for all cross-attention based models compared
to their frozen variants. For self-attention based U-ViT, we see in Fig. 8(b) that smaller U-ViT can
still bene�t from �ne-tuning the text encoder, while larger U-ViT with frozen text encoder performs
the same as �ne-tuning the text encoder with a smaller U-ViT. Further �ne-tuning the text encoder
with large U-ViT does not improve much for large U-ViT models. Fig. 8(c) shows that �ne-tuning a
weak text encoder (OpenCLIP-H) can achieve similar performance with using a frozen stronger text
encoder (T5XXL).

5 SCALING THE NUMBER OF TOKENS

5.1 SCALING THE NUMBER OF TOKENS FOR HIGH-RESOLUTION TRAINING

With patch size 2, the number of latent image tokens is 1024 for generating5122 images, and it
increases to 4096 for10242 images. As shown in Table 1, the 2.3B U-ViT 1K model having 3.2�
more theoretical computation cost than SDXL U-Net but only yields 41% higher end-to-end latency.
We �nd it is critical to adjust the noise scheduling for the 1K resolution training of U-ViT. Using the
same noise scheduling as 256 and 512 resolution training leads to background and concept forgetting
as well as color issues. This aligns with previous �ndings on training high-resolution diffusion models
(Chen, 2023; Hoogeboom et al., 2023; Esser et al., 2024b). We show examples of high-resolution
images in different aspect ratios generated by the 2.3B U-ViT 1K model in Fig 1.

5.2 SCALING CONDITION TOKENS FOR IMAGE EDITING

In image generation, conditioning can be applied using both global (e.g., text embeddings, CLIP
image embeddings) and local factors (e.g., edge maps, masks). Recent works (Zhao et al., 2024;
Ye et al., 2023) have trained models that handle multiple conditions simultaneously; however, these
models differentiate between global and local conditions in their handling. Global conditions are
typically cross-attended by the noise latents, while local conditions are concatenated with them. This
distinction is often a result of the limitations imposed by widely used diffusion backbones like UNet
and DiTs. In this section, we show that we can adapt U-ViT to any new condition by just scaling up
the tokens - we tokenize the condition and concatenate it with noise and text tokens, without having
to incorporate any specialized logic to handle different types of conditions. In contrast to methods
that concatenate the condition with noise latents along the channel dimension, our approach does
not require the local condition to have the same resolution as the noise latents. We use 2.3B U-ViT
pretrained on 1K resolution data for all experiments in this section.

Image Inpainting via Scaling Condition Tokens: In text-conditioned image generation, U-ViT
concatenates noise latents and text embeddings along the token dimension, enabling self-attention.
For adapting U-ViT to the inpainting task, there are two approaches, as shown in Fig 9. The model
is trained in the standard manner, optimizing the L2 loss. We use the same datasets as those for
text-to-image training, generating masks randomly. We train inpainting models using both methods
and evaluate them on ImageReward (for image �delity) and a modi�ed version of TIFA metric (for

7



378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

Under review as a conference paper at ICLR 2025

Figure 9: Channel and token concatenation for extending U-ViT to image inpainting. (a) Concatenat-
ing the condition image with the noise image along the channel dimension and then tokenizing. This
approach maintains the same number of tokens as in T2I generation but requires special handling
of the new condition. (b) Tokenizing the new condition (input image + mask), adding positional
embedding to it, and concatenating text embeddings along the token dimension.

Figure 10: a) Comparison of token and channel concatenation approaches for image inpainting on
top of 2.3B 1K resolution pretrained U-ViT: The token concatenation approach demonstrates superior
prompt adherence and produces outputs that blend more seamlessly with the surrounding image
compared to the channel concatenation method. In row 1, channel concatenation generates more
smoothies than the prompt requests. In row 2, channel concatenation does not generate the second
cat. In row 3, channel concatenation generates a cluttered output. b) Canny conditioning using token
concatenation on top of 2.3B 1K resolution pretrained U-ViT: Qualitative samples showing that the
token concatenation approach can handle different types of conditions like canny map.

image-text alignment) which we call TIFA-COCO2. The token concatenation method achieves a
TIFA-COCO score of 0.887 and an ImageReward of 1.30, outperforming the channel concatenation
approach, which achieves a TIFA-COCO score of 0.881 and an ImageReward of 1.24. Token
concat scheme allows more �ne-grained relationship to be established between noise latent and
image condition across transformer blocks through self-attention, ensuring that the network does not
lose access to the condition like in channel concat approach. We quantitatively compare our token
concatenation approach with current state-of-the-art inpainting method BrushNet (Ju et al., 2024) in
Appendix C and �nd that our approach outperforms BrushNet on TIFA-COCO metric as well as on
multiple metrics in BrushBench benchmark (Ju et al., 2024). We show some qualitative outputs on
BrushBench dataset in Fig 10 (a).

Canny Conditioning via Scaling Condition Tokens: Although Fig 9 illustrates the token and
channel concatenation schemes for inpainting, this approach is generalizable to various conditions,
such as canny edge maps or segmentation maps. For instance, given a canny edge map, we can
adapt U-ViT to condition on it by tokenizing the map, concatenating it with noise and text tokens,
and training the model using the standard L2 loss. Unlike methods like ControlNet (Zhang et al.,
2023), which require specialized adaptors for processing different conditions, our approach allows for

2The TIFA and ImageReward scores here are different from the base model. Details in the Appendix C.
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