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GANSs vs. Diffusion Models (2022)

GANSs (single-step O. 023) ' DMs (1000 step 37.65) -




Background

Latent Diffusion Model
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Background

StableDiffusion sampling UNet architecture

. ControlNet fine-tunes an additional encoder, and inject features into the
decoder.

*  PnP performs text-guided image-to-image translation by leveraging the
decoder features.

»  DIFT finds an emergent correspondence phenomenon that mainly exists in the
decoder features.



Analysis

The encoder features change minimally and havesimilarities at many time-steps, while
the decoder features exhibit substantial variations acrossdifferent time-steps




Analysis-StableDiffusion

The encoder features change minimally and havesimilarities at many time-steps, while
the de-coder features exhibit substantial variations acrossdifferent time-steps
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Analysis-DiT
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StableDiffusion sampling
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Method

Comparing with SD (left), encoder prop-agation reduces the sampling time by 24%
(mid-dle). Furthermore, parallel encoder propagationachieves a 41% reduction in
sampling time (right).
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Method

Prior noise injection: The loss of texture information occurs in all frequencies of the
frequency domain. This approach ensures a close resemblance of generated results in
the frequency domain, with the generated images maintaining the desired fidelity.
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Experiments

Table 1: Quantitative evaluation’ for both SD and

DeepFloyd-IF diffusion models.

sfimage |
Sampling - | Clip- | GFLOPs/ Tne
Method [”m'score‘r image]| LBL\'IUT
DDIM 50175 0773 37050 223
5 DM s0pi0s 0783(27350,,0, 121,50,
g
£/ DpM-Solver 2021.36 0.780| 14821 0.90
olver
3 wiou | 20125 077910743, 046155,
ZIDPM-Solver++ 202051 0.782| 14821 0.90
DPM Solverts 50120.76 0.781 | 11743, 107 | 046,50,
DIM + ToMe 502232 0.782| 35123 207
DIM & ToMe 50120.73 0.781 [ 26083,60, | 115,40,

BDPM 22;23.89 0.783 |6 734825 3391

wiOurs  223[23.73 0.782

DPM- Sulvcr++

DeepFloyd-IF

DPM-Solver++100120.79 0.784 | 370525 15.19
20.85 0.785

w/ Ours
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Experiments

Table 3: Quantitative evaluation for DiT.

Q§1TS:::ig T IIE:EEF ID |sFID | IS 1 Precision TRecall T s/image
_ DiT_ 250] 256 | 227 4.60 27824  0.83 0.57 5.13
DiT w/ Ours250] 256 | 2.31 4.55 276.05  0.82 0.57  3.62549;

DiT 2500 512 | 3.04 5.02 24082 0.84 0.54 26.25
DIiT w/ Ours250| 512 | 3.25 5.05 245.13  0.83 051 17.35;,0,,

DIT w/ Ours 17.35s 34%.
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Experiments

Table 4: Quantitative evaluation on text-to-video,
personalized generation and reference-guided
generation tasks. t and I indicate “edges” and
“scribble” conditions, respectively.

Method T seore image | r;e[l)o[‘ SD

FID, C|ip-T| GFLOPy simagel

39670 12.59/8 13.65/8

Text2Video-zero 0731 [ 306050, 9460850, | 1054850, |

wi Qurs
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wi Ours 500 - 0700 |148680. 50, | 111160, | 122716550, |

ControlNet (1)
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wi Ours
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ControlNet (1)
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37050 242
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wi Ours 500 - 0.660) 27350570 14240
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Experiments

.

2%  56%

S . 39% "Fa_blc.ﬁ: Quantitative evaluation for prior noise
j injection.
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Figure 8: User study results.
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Experiments: FasterDiffusion vs. DeepCache

FasterDiffusion conducts encoder propagation for efficient diffusion sampling,
reducing time on both the UNet-based and the transform-based diffusion models
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Experiments: FasterDiffusion vs. DeepCache

DeepCache employs the similarity observed in high-level features across adjacent
steps of the diffusion model, thereby mitigating the computational.
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Experiments: FasterDiffusion vs. DeepCache
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Experiments

Table 2: Comparison with DeepCache and When combined with ControlNet, our inference time

CacheMe. CacheMe is not open-source. Shows a significant advantage compared to DeepCache
Sampling Method T |Parallel|[FID | Clipscore T sfimage | Clipscoret | FID,| | sfimage
DDIM 50 x |21.75 0773 2.42 ContriNet 0.769 13.78 3.20
D[;.)I;II\JM w\ill)cc:i‘;tc gg i 21;53 0.7_70 i(;:r;f;ii ContrINet w/ DeepCache 0.765 1418 | 1.89 (1.69x)
DDIM w/ Ours 50| v 21.62 0.775 (]_5577,‘/::$ ContrINet w/ Ours 0.767 14.65 1.52 (2.10x)

Input image Canny condition Stable diffusion DeepCache Ours
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Code: https://github.com/hutaiHang/Faster-Diffusion
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