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A Additional Results

A.1 Gradient Angle

We provide detailed results of cosine similarity between REPA [19] and denoising gradients. In
Figure 1, we separately compute gradients of the feature alignment and the denoising objective for
SiT-XL/2 [12] and compare the cosine similarity of their directions at different training iterations.
Specifically, we randomly sample 960 images from the training dataset of ImageNet [1] for the
comparison and take gradients of parameters in the eighth block of SiT-XL/2 for example (REPA sets
the default alignment depth as 8).

iteration t=0.02 t=0.04 t=0.06 t=0.08 t=0.10

cosine similarity

st &0 100K 0.0070 0.0064 0.0327 0.0525 0.0692
e oo 200K 0.0350 0.0476 0.0434 0.0568 0.0628

TN . A Hteration 300K -0.0235 -0.0324 -0.0316 -0.0044 -0.0116
’ hook 200« a0k an 400K -0.1236 -0.1056 -0.1133 0.0232 0.0130
ol SO0K  0.0346 -0.0368 -0.0246 -0.0063 -0.0409
029 600K  -0.1185 -0.0546 0.0645 -0.0039 0.0372
04 S AM 202065 -0.1279 -0.1928 -0.3621 -0.4942

Figure 1: Gradient cosine similarity between Typle 1: Detailed cosine similarity results of the
REPA and the denoising objective. 8t block in SiT-XL/2 at t < 0.10.

We first observe a relatively high cosine similarity, representing an acute angle between gradients of
the two objectives. However, the similarity shows a decreasing trend as the training progresses, and
the angle becomes nearly orthogonal at the intermediate stage (around 400K iteration). Furthermore,
we find that the similarity becomes obviously negative at the final training stage, such as at 4M
iteration, indicating that there might be some potential conflict between REPA and diffusion loss.

In addition to training iterations, we also find a feature alignment gap over different diffusion
timesteps: As reported in [19], a well-trained DiT [15] or SiT exhibits a higher feature alignment at
the intermediate diffusion timesteps, while the alignment is notably weaker at those closer to the data
distribution, i.e., nearby the sampling results, such as ¢ = 0.1 for SiT. We observe a similar trend
in our gradient similarity comparison. According to diffusion sampling properties, the initial steps
starting from noise mainly contribute to global fidelity, namely the basic outline of images, while the
steps closer to the data are to refine microscopic details such as textures [6]. We hypothesize that the
diffusion transformer eventually needs to refine its own representations for detail generation beyond
learning directly from external features.

iteration t=0.02 t=0.05 t=0.07 t=0.1 t=02 t=0.5 t=09
100K -0.0138  -0.0131  -0.0068  0.0129 0.0488  0.0541  -0.0093
200K -0.0423  -0.0674  -0.0719  -0.0491 0.0068  0.0801 0.0099
250K -0.0323  -0.0597  -0.0598 -0.0599  -0.0264 0.0354  0.0419
260K -0.0232  -0.0331  -0.0243  -0.0034  0.0436  0.0729  0.0065
270K 0.0029 0.0152 0.0113 0.0097 0.0419  0.0554  0.0233
280K -0.0263  -0.0131  -0.0031 0.0011 0.0217  0.0455 -0.0176
290K -0.0524  0.0199 0.0308 0.0532 0.0832  0.0550  0.0111

Table 2: Detailed gradient cosine similarity results between holistic alignment and denoising objec-
tives on the 8" block of SiT-XL/2 at different training iterations.

For our method, HASTE, we also examine the gradient cosine similarity between holistic alignment
and denoising. The similarity trend serves as a kind of reference for our termination strategy.



26 A.2 Detailed Quantitative Results

27 We provide detailed evaluation results of HASTE on different SiT models in Table 3. All results are
28 reported with the SDE Euler-Maruyama sampler (NFEs = 250) and without classifier-free guidance.

model #params iteration FIDJ [3] sFIDJ [13] IST[18] Prec.t[8] Rec.1[8]
SiT-B/2 [12] 130M 400K 33.0 6.46 43.7 0.53 0.63
+HASTE 130M 100K 39.9 7.16 35.8 0.52 0.61
+HASTE 130M 200K 25.7 6.66 57.0 0.59 0.62
+HASTE 130M 400K 19.6 6.38 73.0 0.62 0.64
SiT-L/2 [12] 458M 400K 18.8 5.29 72.0 0.64 0.64
+HASTE 458M 100K 19.6 5.70 67.9 0.64 0.63
+HASTE 458M 200K 12.1 5.28 96.1 0.68 0.64
+HASTE 458M 400K 8.9 5.18 118.9 0.69 0.66
SiT-XL/2 [12] 675M ™ 8.6 6.32 131.7 0.68 0.67
+HASTE 675M 100K 15.9 5.64 78.1 0.67 0.62
+HASTE 675M 200K 9.9 5.04 108.8 0.69 0.64
+HASTE 675M 250K 8.4 4.90 119.6 0.70 0.65
+HASTE 675M 400K 7.3 5.05 128.7 0.72 0.64
+HASTE 675M 500K 5.3 4.72 148.5 0.73 0.65

Table 3: Additional evaluation results on ImageNet 256 x 256. 1 and | denote higher and lower
values are better, respectively. Bold font denotes the best performance.

29 Additionally, we provide the results of SiT-XL/2+HASTE with different classifier-free guidance [4]
s0 scales and intervals [9].

model #params iteration interval CFGscale FID] sFID] ISt Prec.t Rec.t
SiT-XL/2 675M ™ [0, 1] 1.50 2.06 450 2703  0.82 0.59
+HASTE 675M 500K [0, 1] 1.25 2.18 4.67 2404  0.81 0.60
+HASTE 675M 500K [0, 0.7] 1.50 1.80 4.58  252.1 0.80 0.61
+HASTE 675M 500K [0, 0.6] 1.825 1.74 474 2687 0.80 0.62
+HASTE 675M 2M [0, 0.7] 1.7 1.45 455 2973  0.80 0.64
+HASTE 675M 2M [0, 0.7] 1.65 1.44 456 2894  0.79 0.64
+HASTE 675M 2M [0, 0.7] 1.675 1.44 455 2937 0.80 0.64
+HASTE 675M 2.5M [0, 0.7] 1.7 1.43 456 2988 0.80 0.64
+HASTE 675M 2.5M [0, 0.7] 1.65 1.43 4.57 2907 0.80 0.64
+HASTE 675M 2.5M [0, 0.72] 1.65 1.42 449 2995 0.80 0.65

Table 4: Evaluation results on ImageNet 256 x 256 with different classifier-free guidance settings.
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B Additional Implementation Details.

SiT-B SiT-L SiT-XL DiT-XL
Architecture
input dim. 32x32x4 32x32x4 32x32x4 32x32x4
num. layers 12 24 28 28
hidden dim. 768 1024 1152 1152
num. heads 12 16 16 16
HASTE
AR 0.5 0.5 0.5 0.5
Aa 0.5 0.5 0.5 0.5
alignment depth 5 8 8 8
student layers [2,3,4] [4,5,6,7] [4,5,6,7] [4,5,6,7]
teacher model DINOvV2-B [14] DINOvV2-B [14] DINOv2-B [14] DINOv2-B [14]
teacher layers [7,9, 11] [8,9,10, 11] [8,9,10, 11] [8,9,10, 11]
termination iter. 100 K 250 K 250 K 250K
alignment heads 0-11 0-11 0-11 0-11
Optimization
batch size 256 256 256 256
optimizer AdamW [7, 11] AdamW [7, 11] AdamW [7, 11] AdamW [7, 11]
Ir 0.0001 0.0001 0.0001 0.0001
(B1, B2) (0.9, 0.999) (0.9, 0.999) (0.9, 0.999) (0.9, 0.999)
weight decay 0 0 0 0
Diffusion
objective linear interpolants  linear interpolants  linear interpolants ~ improved DDPM
prediction velocity velocity velocity noise and variance
sampler Euler-Maruyama Euler-Maruyama Euler-Maruyama Euler-Maruyama

sampling steps

250

250

250

Table 5: Detailed training settings.

250

Further implementation details. For XL and L-sized models, we set the feature alignment depth
to 8 following REPA, and extract the attention maps from layer [4, 5, 6, 7] (counting from 0) of
diffusion transformers, to align with those from layer [8, 9, 10, 11] of DINOv2-B. According to
[10], the performance almost saturates when transferring 12 out of 16 heads, and the student can
also develop its own attention patterns for unused heads. Specifically, since the number of heads
for DINOv2-B layer is only 12, we conduct attention alignment partially over the first 12 heads of
diffusion transformer layer. For B-sized models, the feature alignment depth is adjusted to 5, and we
extract the attention maps from layer [2, 3, 4] to align with those from layer [7, 9, 11] of DINOv2-B.

We enable mixed-precision (fp16) for efficient training. For data pre-processing, we leverage the
protocols provided in EDM2 [5] to pre-compute latent vectors from images with stable diffusion
VAE [17]. Specifically, we use stabilityai/sd-vae-ft-ema decoder to translate generated latent
vectors into images. Following REPA [19], we also use three-layer MLP with SiLU activations [2] as
the projector of hidden states. For MM-DiT, we use CLIP [16] text model to encode captions.
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C Additional Visualizations
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Figure 2: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “loggerhead sea turtle” (33).
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Figure 3: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “macaw” (88).
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Figure 4: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “golden retriever” (207).
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Figure 5: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “arctic wolf” (270).
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Figure 6: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “red panda” (387).
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Figure 7: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “panda” (388).
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Figure 8: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “acoustic guitar” (402).

Figure 9: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “balloon” (417).
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Figure 11: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “dog sled” (537).
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Figure 12: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “fire truck” (555).

Figure 13: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “laptop” (620).
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Figure 14: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “space shuttle” (812).

with w = 4.0. Class label = “cheeseburger” (933).
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Figure 16: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “cliff drop-oft” (972).
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Figure 17: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “coral reef” (973).
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Figure 18: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “lake shore” (975).
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Figure 19: Uncurated generation results of SiT-XL/2+HASTE. We use classifier-free guidance
with w = 4.0. Class label = “volcano” (980).
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