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Denoising-based generative models have been significantly advanced by representation-alignment (REPA) loss, which leverages pre-trained visual
encoders to guide intermediate network features. However, REPA's reliance on external visual encoders introduces two critical challenges:
potential distribution mismatches between the encoder's training data and the generation target, and the high computational costs of pre-training.
Inspired by the observation that REPA primarily aids early layers in capturing robust semantics, we propose an unsupervised alternative that avoids
external visual encoder and the assumption of consistent data distribution. We introduce DUal-Path condition Alignment (DUPA), a novel self-
alignment framework, which independently noises an image multiple times and processes these noisy latents through decoupled diffusion
transformer, then aligns the derived conditions—low-frequency semantic features extracted from each path. Experiments demonstrate that DUPA
achieves FID=1.46 on ImageNet 256x256 with only 400 training epochs, outperforming all methods that do not rely on external supervision.
DUPA 1s also model-agnostic and can be readily applied to any denoising-based generative model, showcasing its excellent scalability and
generalizability.

Introduction

Algorithm 1 Dual-Path Condition Alignment Batch Step

1: Input: DDT vy, batch of B flow examples F' = {(x1.¥1),...,(xg.yg)}. projector z,, learning rate
T=1—-=— == T=0=— —-T =1 A, sampling times K = 2 and hyperparameter A = 0.5.
2: OQutput: Updated model parameters #.
3: L(B,¢) =0
4: for i in range(B) do
5:  for j in range(K) do
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Figure 2: Comparison between REPA and DUPA. REPA needs an external visual encoder to generate An image 1S independently noised multlple times during training, and use

effective representations, whereas DUPA can get effective representations through internal alignment.

Decoupled Diffusion Transformer to predict different denoising paths. In

As illustrated on the left of Figure, REPA acts like a “data annotator” this way, the condition encoder can extract different conditions, which are
during training, supplying “labels” (i.e., effective representations) low-frequency semantic features from different noisy images. Since these
obtained from “ground truth”(i.e., pure images) for noisy images, conditions originate from the same pure 1image, they should be similar, much
which is similar to supervised learning. However, as discussed above, like the representations obtained by large

this “supervised learning” approach in REPA faces two challenges visual encoders in REPA. We propose to align these different conditions
compared to unsupervised learning: “costliness of labeling” and derived from independently noised versions of a single image to furnish
“inaccurate labeling” issues. effective representation guidance for model training.

Results

Table 1: S?fstem-Level Performance on ImageNet 256 x 256 Our results are bolded to lﬂleﬂtE ‘[hﬂt Table 2: Component-wise analysis. All models are

DUPA performs better than methods without external supervision of large visual encoders, while high- DUPA-L/2 trained for 400K iterations with different set-
. ST . ) 1 S LI » N tings. “Resampling” column indicates whether to inde-
Ilghl?d to mdla:':ate that DI:TPA performs the best among all methods. | indicates a lower value is better and pendently resample timestamp £ or noise ¢.

T indicates a higher value is better.
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Supervised Representation Alignment
20 100 506 1226 070 0.65 X X X : : Table 3: Model performance across different sizes with
REPA 200 675M 142M LIB | 640 ) : - - 196 449 2640 082  0.60 400K training steps.
800 590 573 1578 070 0.69 | 142 470 3057 080 (.65
Unsupervised Representation Alignment Model FID| sFID| ISt Prec.t Rec.t
80 | 871 465 1146 070 065 228 448 2372 083 (.59 :
DUPA (Qurs) 200 675M 0 0 657 463 1365 070 068 170 445 2653 083 0.6l SiT-B/2 330 646 437 053 063
400 ‘ 592 463 1496 071 .69 146 445 2962 .84 (.62 DDT-B/2 295 6.23 51.7 057 0.63
DUPA-B/2 25.2 589 674 061 0.63
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®SiTL2 400K 256 1 097 226 188 ol =0 L DDT-L/2 149 517 878 0.65 0.64
DDT-L/2 400K 256 1 1.01 233 152 x° soa} | DUPA-L/2 11.1 491 1048 0.69 0.65
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(a) “BS” indicates batch size, “K” indicates noising times, “TS” indicates (b) Image sampling is performed on Table 4: Ablation study of proposed improvements.
training speed (sec/step) and “Mem.” indicates memory usage of a single DUPA-XL/2 and DDT-XL/2 trained for
GPU (GB). 400K iterations. Method FID| sFID| IST Prec.T Rec.T
DDT-L/2 149 5.17 87.8 0.65 0.64
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- o o — - - - + Dual-Path Sampling 12.5 5.02 96.6 0.68 0.65
(b)Training efficiency and inference speed comparison. + Condition Alignment 11.1 491 104.8 0.69 0.65
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