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Background

e Diffusion Transformer
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Figure 18.1 Diffusion models. The encoder (forward, or diffusion process) maps

the input x through a series of latent variables z; ...

zr. This process is pre-

specified and gradually mixes the data with noise until only noise remains. The
decoder (reverse process) is learned and passes the data back through the la-
tent variables, removing noise at each stage. After training, new examples are
generated by sampling noise vectors zr and passing them through the decoder.

“Output, x

il SISy

I

Noise 2
32x32x4 32x32x4
4 4

Linear and Reshape

Layer Norm /
1
N x DiT Block

| T \
Patchify = Embed

! |
Noised Timestep ¢

Latent !

32x32x4 Label y

Latent Diffusion Transformer

/| ————
/
(04
// Scale 2
/ P
/ ointwise
/ Feedforward
/ ! :
/ Scale, Shift J2ba
|
Layer Norm
451
Scale —
1
Multi-Head
Self-Attention
: Y1.P1
\\ Scale, Shift &
\ ]
\ Layer Norm MLP
\\ i I

feature ==

\ Input Tokens Conditioning /

DiT Block with adaLN-Zero



Background

 Training-free acceleration
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< Token-wise caching >

« Predictor-based
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1) Zou, Chang, et al. "Rethinking Token-wise Feature Caching: Accelerating Diffusion Transformers with Dual Feature Caching." IEEE Transactions on Image Processing (2026).

Paper Review

Rethinking Token-Wise Feature Caching: Accelerating Diffusion Transtformers
With Dual Feature Caching [TIP 2026]

Chang Zou, Shikang Zheng , Evelyn Zhang, Runlin Guo, Haohang Xu, Zhengyi Shi, Conghui He , Xuming Hu,
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Introduction

 Motivation
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Method

* Dual Feature Caching
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Methodology

e Random score selection
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Methodology

e Random score selection
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Experiments

* Model configuration
« Text to Image (FLUX.1-dev, HiDream, PixArt-a)
- Text to Video (OpenSora)
» Class-Conditional Image Generation (D1T-XL/2)
* Metric
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Experiments

* Quantitative Result
MY E
-DuCa 3.45x FLOPs 7}% 0| M{ &= ImageReward 0.9896= 7 X|StH, ToCa CiH| & AotE A =&
LB AE O|0|X| Y
- Z[CH 4.05x AL =0 = GenEval 5= H2| &4 10| KX

AR EE %

- FlashAttentiondt @ 2HE[ O 2.93x latency 752 27390, ToCall 1.59x& ¥

Method Efficient | Acceleration | Image Reward 7 | Genevalf
FLUX.1 [37] Attention [36] | Latency(s) | Speed 7 | FLOPs(T) | Speed 1 | DrawBench Overall
[dev]: 50 steps | v | 17.20 1.00x |  3719.50 1.00x | 0.9898 | 0.6752
60% steps v 10.49 1.64x 2231.70 1.67x 0.9739 06700 ~ Method Acceleration Image Reward 7
50% steps v 8.80 1.95x 1859.75 2.00% 0.9429 0.6655  HiDream-11 Latency(s) | Speed T | FLOPs(T) | DrawBench
40% steps v 7.11 2.42% 1487.80 2.62x 0.9317 0.6606
A-DiT (N = 2) % 11.86 1.45x 2480.01 1.50% 0.9444 0.6658 [full]:50 steps 48.81 x1.00 7780.0 1.182
A-DiT (N = 3) v 8.68 1.98 % 1686.76 2.21x 0.8721 0.6413
TeaCache v 7.41 2.32x 1114.44 2.63% 0.9344 06722 25 steps 24.41 x2.00 3890.0 [.128
FORA [8] % 7.08 2.43x% 1320.07 2.82x 0.9227 06594  ToCa 31.22 x1.56 2540.1 1.111
ToCa [9] X 10.80 1.59 % 1126.76 3.30% 0.9731 0.6750 PAB 36.33 x1.34 5962.0 0.8876
DuCa (N = 4, R = 90%) v 6.22 2.77x 1190.24 3.13% 0.9895 0.6750
DuCa (N = 5, R = 90%) v 5.88 2.93x 1078.34 3.45x 0.9896 06747  Duca(a) 19.88 x2.46 2873.4 1.152
puca (N = 6, R = 90%) v 5.14 3.35x 917.32 4.05 % 0.9654 0.6756  DuCa(b) 15.36 x3.18 2197.3 1.090

< Quantitative Results on ImageReward for FLUX> < Quantitative Results For HIDREAM-L1>
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Experiments

* Qualitative Result
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< Visualization results for different acceleration methods on FLUX.1-dev model>



1) Zhu, Haowei, et al. "Tap: A token-adaptive predictor framework for training-free diffusion acceleration." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2026.

Paper Review

TAP: A Token-Adaptive Predictor Framework for Training-Free Diffusion
Acceleration [CVPR 26]
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Introduction

 Taylor predictor
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Methodology

* TAP
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Methodology

» Taylor Predictor Family 3
- A : Maximum prediction horizon
= 0 : Step size between prediction—horizon candidates
- M : Number of available Taylor orders
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Methodology

* Compute and Cache
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Methodology

e Predictor selection

- Proxy loss estimation
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Experiments

* Quantitative Results

Table 1. Quantitative comparison in text-to-image generation for FLUX.1-dev and FLUX.1-schnell (a distilled version). Best results Table 2. Quantitative comparison in text-to-image generation for Qwen-Image and Qwen-Image-Lightning (a distilled version). Best
P ge g pa ge g £ ge-Lig g
are highlighted in bold, and second-best are underlined. results are highlighted in bold, and second-best are underlined.
Method Acceleration Quality Metrics Perceptual Metrics Method Acceleration Quality Metrics Perceptual Metrics
Latency(s) | Speed | FLOPs(T) | Speed T | ImageReward!T CLIPT | PSNRT SSIMT{T LPIPS| Latency (s) | FLOPs(T)| Speed? | ImageReward{ CLIPT | PSNRT SSIMT LPIPS |
50 steps 42.18 1.00= 3726.87 1.00= 0.95 30.63 - - - 50 steps 127.10 12917.56 - 1.23 33.74 - - -
40% steps 17.08 247 1490.75 2,50 0.93 30.84 15.60 0.69 0.40 50% steps 63.54 6458.78 2.00x 1.20 3377 18.35 0.77 0.28
30% steps 13.14 321x 1118.06 3.33x 0.92 30.70 14.81 0.66 0.44 20% steps 25.54 2583.51 5.00 0.73 32.24 13.45 0.57 0.57
20% steps 8.52 4.95x 745.37 5.00 0.89 3028 | 139 062 050 FORA (N — 3) 48.59 4392.93 2.94x 0.92 3225 | 1412 059 0.50
FORA (N = 4) 12.37 341 0969.93 3.84x 0.87 30.45 14.28 0.64 0.47 TeaCache (I = 0.8) 52.64 3621.18 3.57x 1.18 33.52 19.07 0.79 0.27
TeaCache (I = 1.1) 12.33 342 913.98 4.08 = 0.93 3047 15.19 0.65 0.47 TaylorSeer (N = 4,0 = 2) 44.37 3617.96 3.57= 1.18 33.44 18.02 0.76 0.30
TaylorSeer (N = 5.0 = 2) 12.02 351x 895.32 4.16% 0.95 30.79 16.73 0.71 0.36 TAP (N = 4) 40.96 3617.43 5T« 1.23 33.80 20.13 0.81 0.22
e M=y e M| eres et e e | e as o FORA (N = 4) 38.41 335099 3.84x 0.70 3198 | 1313 053 058
vV =>5) — 220X — 20X ’ : ’ TeaCache (I = 1.0) 47.84 327645 3.94x 1.16 3347 18.13 0.73 0.34
FORA (N =5) 10.12 4.17 = 746.29 4.99x 0.89 30.55 13.82 0.61 0.50 TaylorSeer (N = 5,0 = 2) 40.70 3101.30 4.17x 1.16 33.37 16.18 0.70 0.39
TeaCache (I = 1.4) 11.16 3.78x 779.83 4.77x 0.92 30.44 14.79 0.63 0.51 TAP (N = 5) 34.21 3100.76 4.17x 1.19 33.55 18.72 0.78 0.27
TaylorSeer (N = 6,0 = 2) 10.02 4.21% 746.29 4.99 0.94 3076 | 1588 067 042 Quen Image Lightning (8 steps) T a6 . - 130 3.0 - - -
SpeCa (N =4, M = 8) 10.76 3.02x 755.32 493 0.93 30.57 15.72 (.66 0.43 . e .
TAP (N = 6) 10.21 413% | 746.02 555 0.96 30.92 16.76 0.68 0.39 TaylorSeer (N = 5,0 = 2) 4.68 280.54 2.00:x 1.21 33.03 17.59 0.70 0.27
: : TAP (N = 5) 4.80 280.50 2.00: 1.27 33.50 21.11 0.77 0.23
FORA (N =T) 7.91 5.33x 597.26 6.24% 0.80 3042 13.43 0.60 0.55
TeaCache (I = 2.0) 8.59 4.91x 604.02 6.17x 0.66 30.07 14.23 0.60 0.58
TaylorSeer (N = 8,0 = 2) 8.17 5.16x 59726 6.24% 0.91 30.62 14.72 0.61 0.50
TAP (N = 8) 8.40 5.02x 596.99 6.24x 0.99 319 | 1611 064 044 Method Latency (s) | FLOPs (T) VBench (%) t
TAP (N = 10) 6.21 6.79 522.48 713 0.91 30.69 15.94 0.63 0.49
FLUX-Schnell (4 steps) 4.46 1.00% 278.41 1.00 0.88 32.03 i - - 50 steps 121.32 5481.50(1.00x) 66.61
TaylorSeer (N = 3,0 = 2) 2.61 1L71x 139.23 2.00x 0.86 3208 | 2267 072 0.32 50% steps 60.96 2740.75 (2.00x) 66.38
TAP (N = 3) 2.55 1.75x | 139.12 2.0 0.88 32306 26.26 0.86 0.15 ’ .
20% steps 24.80 1096.30(5.00x) 64.16
FORA (N = 5) 31.68 1101.724.98 ) 63.87
TeaCache (¢ = 0.4) 32.33 1205.42 (4.55) 65.13
TeaCache (¢ = 0.5) 25.53 991.96 5 53 ) 64.28
Taylor (N = 6,0 = 2) 33.67 1101.72 4. 98 %) 64.89
TAP (N = 6) 31.91 1101.47 (4.98x) 65.46
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Experiments

e Qualitative Results

Original TAP (6.24%) TaylorSeer (6.24x) TeaCache (6.17x) FORA (6.24x) 20% steps (5.00x)

Original TAP (4.98X%)

TeaCache (4.55X)

20% steps (5.00X)

< Comparison with SOTA >
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Experiments
 Ablation Study
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     𝝐 ˆ t =  𝜖 𝜃  (   𝐳 t , t , 𝐜 ) ,


   Z  t - 1 을


   𝐳  t − 1 ≈    𝐳 t −    𝛽 t      𝝐 ˆ t    1 −  𝛽 t


   h t ≈  h  t - 1


   h t ≈  h  t − 1 + Δ h


     𝝐 ˆ t


     𝝐 ˆ t   그


  𝜆   : Maximum prediction horizon


  𝛿   : Step size between prediction−horizon candidates


  M   : Number of available Taylor orders


  M = 3


  𝜆 = 4 ,   𝛿 = 1 로
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   r t


  𝛿   : Step size between prediction−horizon candidates


  𝛿    

