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Can generative models provide useful visual representations?

“What | cannot create, | do not understand” —— Richard Feynman

Generative models can generate realistic images
Generative models learn image structure & semantics

Generative models learn visual representations
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Background

Diffusion model learns visual representations

v
Diffusion features are intermediate [385 SD Middle Block
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Background

Diffusion features for downstream tasks

DIFT A Tale of Two Features ODISE EmerDiff

Vanilla feature utilization  Diffusion-DINOv2 fusion Open-vocabulary segmentation Semantic segmentaion
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Background

Semantic Correspondence Detection

Find semantically matching points across different images

Source Point

cross-instance cross-category cross-domain
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Diffusion FeaTures (DIFT)

We can use DIFT to extract correspondences

How to extract DIFT on real images?

»
»

Simply add noise

Emergent Correspondence from Image Diffusion, NeurlPS 2023

/ Diffusion Model \
>
) . i
Nl o I R
l DIFT
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Background

Diffusion FeaTures (DIFT)

How to use DIFT to find correspondence? - Feature matching

Source Point 2 Predicted Target Point P2

p2 = arg mind(F1(p1), Fa(p))
p

F, is DIFT of I,
F, is DIFT of ,

d 1s cosine distance

Image I,

Emergent Correspondence from Image Diffusion, NeurlPS 2023



N A 7K P

G PEKING UNIVERSITY

Background

Diffusion FeaTures (DIFT)

Choice of timestep ¢ matters Large noise
- DIFTsq with different time step t
S 60 -
® 60
AV4
4
— OpenCLIP
= 40 7 |
Y, V" "DINO
—
N
|-
‘s 201
7 - 1 . | |
0 200 400 600 800

Low-level detail Time step t

Emergent Correspondence from Image Diffusion, NeurlPS 2023
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Background 8P Tt
Diffusion FeaTures (DlFT) DIFTsq with features from different U-Net layer i
60 -
Choice of U-Net layer matters Low resolution Low-level detail
« Layers 0-3 (UpBlock1) u
« Layers 4-7 (UpBlock2) ;@340-
- Layers 8-11 (UpBlock3) 2 5.
. Layers 12-14 (UpBlock4) "
20 A
10 -

0 2 4 6 8 10 12 14
SD U-Net layer i

Emergent Correspondence from Image Diffusion, NeurlPS 2023
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Background

A Tale of Two Features

Accurate Semantic Correspondence Robust Semantic Correspondence

«<— Object Swapping —

A Tale of Two Features: Stable Diffusion Complements DINO for Zero-Shot Semantic Correspondence, NeurlPS 2023

10



NET TS

Tit PEKING UNIVERSITY

Background

A Tale of Two Features

Properties of diffusion features

« Spatially Coherent

« Semantically Inaccurate

Stable Diffusion

11

Target

A Tale of Two Features: Stable Diffusion Complements DINO for Zero-Shot Semantic Correspondence, NeurlPS 2023
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Background

A Tale of Two Features

Properties of DINOv2 features

« Spatially InCoherent

« Semantically Accuarate

Target DINOv?2

A Tale of Two Features: Stable Diffusion Complements DINO for Zero-Shot Semantic Correspondence, NeurlPS 2023 12
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A Tale of Two Features

Fuse diffusion and DINO features is effective

Fruse = (|| Fspll2, (1 —a)||Fpmol|2)

Method Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Dog Horse Motor Person Plant Sheep Train TV All

UN DINOv1-ViT-S/8 [2] 57.2 24.1 67.4 245 26.8 29.027.1 52.1 15.7 42.4 43.3 30.1

DINOv2-ViT-B/14 72.7 62.0 85.2 41.3 40.4 52.351.571.1 36.2 67.1 64.6 67.6

23.2
61.0

40.7
68.2

Stable Diffusion (Ours) 63.1 55.6 80.2 33.8 44.9 49.347.8 74.4 38.4 70.8 53.7 61.1
Fuse-ViT-B/14 (Ours) 73.0 64.1 86.4 40.7 52.9 55.053.878.6 45.5 77.3 64.7 69.7

54.4
63.3

224
69.2

16.6 24.1 31.0 249333
30.7 62.0 54.3 24.255.6
54.8 53.5 65.0 53.357.2
584 67.6 66.2 53.5 64.0

Per-class and average PCK@0.10 on test split

A Tale of Two Features: Stable Diffusion Complements DINO for Zero-Shot Semantic Correspondence, NeurlPS 2023 3
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Background

ODISE

We can use diffusion features for panoptic segmentation

Blitelevision 90%
e n oL

iy
k.

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023

14
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Background

ODISE

Extract diffusion features from a frozen Stable Diffusion UNet

§I¢ Text-to-Image Diffusion UNet
[F-——————————————— - — -]
5 P B el B B > diffusion features
- - f = UNet(z, ImplicitCaptioner(z))
T | I T
T | T 1 = UNet(z;, MLP o V(x))
Implicit Captioner T : : : : : : T
( h I | | | ! | \
E';';z%eer Y =+ MLP H— Implicit Text Embedding

J

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023 s
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ODISE
Obtain binary masks and mask embedding features from diffusion features
) N mask predictions {mi}i‘il
* Text-to-Image Diffusion UNet
A~ T binary mask
B - R loss
—> > > > > > > »  Mask Generator
A A
¥y l | A
o R
| | | \ \
| T | T T
] | |

— — — =

MomomEDO

N mask embeddings {2},

Y e B |
\

)}~ »l

Implicit Text Embedding

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023 16
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Background

ODISE

Category label supervision and image caption supervision

p(Zi, Ctrain) Softmax( T(Clmm)/T)

1 N
Ce = 5 3 CrossEniropy(p(zi: Cun)- )
CosomD
N mask embeddings {z; }2¥
category dog, cat, person, ..., Ctrain ,.| Cross entropy | EC
labels television T (Ctrain) / T (Cword) ! \ loss |
or —— Text Encoder T~ W »(l B O or
A J I

’ . I

iImage | two cats are watching dog| | Kirain / Kyord text embeddings L - grounding L
caption and | 1 in the tv... loss G

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023 7
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Background

ODISE

Category label supervision and image caption supervision

K N
1
g(z(™ s(Mm) = % Z Zp(zu Cuword)k(2i, T (wi))

exp(g(x™, 50™)/7)

B
1
Lg=—— lo
¢ B Z= i SE_ exp(g(z(m), s(m)/T)
B

@oE om0

N mask embeddings {z; }¥

CXp(g(iv(m) st™)/7)
>t exp(g(z(™), 5(™) /7)

r

category dog, cat, person, ..., .. Cross entropy EC
labels television T(Ctrain) /T(Cword) . | loss
or I * Text Encoder T~ } (B @ or
. ) | I
Image |two catls are watching dog| | Kirain / Kyord text embeddings | . grounding L
caption | and in the tv... loss G

Cword — {wk}k word

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023 18
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Background

ODISE

For inference, fuse predictions from the diffusion and discriminative models

;%g g?#;;%}:n&ﬁ; }—» Mask Generator ——>@ OEEDN. ED’_'®—

i l N mask embeddings {zz-};.’il i

) H B — 3]
meod A
Y

-—{ Mask Pooling %*W_ _—__b$

Y

Implicit Captioner

|

I

I

|

I
Image
Encoder i MLP

N mask embeddings {2} }¥

predict with

diffusion model
T(Ctest)
category dog, cat, person [ | - sl
14 i Sy eeay > * Text Encoder discriminative model
labels television | 4 |

Kot text embeddings

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023 19
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Background

EmerDiff

We can use diffusion features for semantic segmentation

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024
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EmerDiff

U

 Invert to get the diffusion feature tr step

« Do K-means on diffusion feature

« Obtain a low-res. segmentation map

16 x16 X d

-net

K-means

Input image
(ex: 512 X 512)

segmentation map
(16 x 16)

-

Low-res.

L

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

21
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EmerDiff (st

We can get semantic masks from the map

How to identify pixel-mask correspondence? g

K-means
16 x 16 X d
| mask M
5
Low-res.
segmentation map
(16 x 16)

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024
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Background

EmerDiff Modulation

Do modulation on diffusion feature by adding the mask

Cross attn. layer

If some pixels change a lot, they are related to the mask

T E- 16 X16Xd
f(a(—Qj%)-V)JrcMe]Rthd g 9

We can choose ¢ = +4, —A and observe the difference

" Modulated
feature maps

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

23
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Compute the difference map d = ||~ — IT||5 f(a( 73 ) 'V) +cM e R™

Find semantic correspondences

| Difference map d
. (512 x 512)

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024
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Background

EmerDiff

Every pixel (x,y) belongs to a specific mask k

]

k = argmax; d ,

Thus we have a high-res. segmentation map

Image-resolution
Segmentation
map
(512 x 512)

Difference map d
(512 x 512)

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024 25
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Timestep 1 201 401 601 801
Choice of timestep ¢ matters Unsupervised seg. 33.1 328 31.8 298 269

Open-vocabulary seg. 15,9 15.8 15.7 152 13.9

tr = 401 tr = 601 t; = 801

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024
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Existing Problem

« Dependence on diffusion timesteps

« Different tasks may have different optimal timesteps

 Information loss in noisy images

« Adding noise to clean images bottlenecks the perceptual information
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CleanDIFT: noise-free, timestep-independent features

30 min Finetuning_)

Normal Diffusion Features + CleanDIFT Features

noisy images » noisy features clean images » clean features

LA L )
»

t = 300 -
i timestep tuning required X

28
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Overview:
4 Diffusion Model \
!/ Eat e i --‘\
|
—>L Noisy features
. - = L ‘—'ﬁf<
L * Frozen
/ CleanDIFT : :

-1

Proj

)

,_;

—FLClean features

N

29
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Frozen Diffusion Model

Frozen diffusion model receives the noisy image and timestep ¢

UDDD

Diffusion Model b

> Noisy features

/ CleanDIFT

Pl

ﬁs’i Frozen

" Trainable

—» (Clean features

{ Proy j‘

30



G PTKTN(J UNIVE RSITY

Method

CleanDIFT

Initialize the CleanDIFT model as a trainable copy of the diffusion model

CleanDIFT only receives clean input image

Diffusion Model

[ #It: Frozen
/ CleanDIFT
~— ¢ Proy } " Trainable

—l UUU

—>» (Clean features
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Method

Projection Heads

Projection heads receive clean diffusion features and timestep ¢

Diffusion Model

D H D D D ﬂ B

ﬁs’i Frozen

CleanDIFT \
[ Proy } " Trainable
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Training Objective

¢ CleanDIFT

feat . (x) >

Stable Diffusion

( feat(x,e,t = 1)

«— feat(x,e,t = 2)

proj( -, t= 1) — L
proj( -, t= 2) — L

| proj( - ,t =999) — L < feat(x, €,t = 999)

L Is cosine similarity loss

Z sim pI‘OJ

k) (feat™ (x¢); t), feat™ (x4; 1))

33
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Inference

We can discard the projection heads and use CleanDIFT directly

4 Diffusion Model

i.t' - TR TR,
D D D —> Noisy features
\Z
ﬁs’ﬁ Frozen
/ CleanDIFT ' ' '

P'rog " Trainable
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Experiments

CleanDIFT can be used for many downstream tasks
* Unsupervised Semantic Correspondence

« Depth Estimation

« Semantic Segmentation

* (Classification
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Experiments

Unsupervised Semantic Correspondence
CleanDIFT
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Experiments

Unsupervised Semantic Correspondence

CleanDIFT outperforms DIFT even at its best timestep

<
L 60'
o
5 =e= SD2.1
@>{ 55 o =x=Naive Clean SD
S —  OUurs
v
E.) 50 , - I
0 200 400 600 800

Diffusion Timestep

37
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Experiments

Depth Estimation

Use the linear probe for depth estimation
Input Ours SD 2.14=299 Ground Truth

&
-
.
|

38
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Depth Estimation

Method Backbone

RMSE (1)

Self-Supervised Methods
OpenCLIP [28] VIiT-G/14

MAE [20] ViT-H/14
DINO [6] ViT-B/8
1BOT [68] VIT-L/16

DINOv2 [43]  ViT-g/14

0.541
0.517
0.555
0.417
0.344

Diffusion Features
SD 2.1 [51]
DIFT-like [62] Owurs

+ Probes from noisy features

0.469
0.444v{:._1_|'_).‘>
Mvuulu

39
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Experiments

Semantic Segmentation
Use the linear probe for semantic segmentation

Input Ours SD 2.1 Input Ours SD 2.1
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Experiments

Semantic Segmentation

CleanDIFT outperforms DIFT even at its best timestep

« 21- A+043 21.2%
D 70 - N = 0urs
S "t o
£ 1 \
19 7 L s S B EL R B e S S S B B S —TT T
0 100 200 300 400 500

Diffusion Timestep

41
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Classification

CleanDIFT outperforms DIFT
« Feature Map #0 (UpBlock1
* Feature Map #3 (UpBlock2
* Feature Map #6 (UpBlock3
* Feature Map #9 (UpBlock4

)
)
)
)

Top-1Acc. (%, 1)

Top-1Acc. (%, 1)

Feature Map #0

40

140.85 +0
14079~ e

V2N

06

32.5

30.0

38 / \o
1 \ 27.5P \
36-"'I""I""l".' | T T 'r[""'
Feature Map #6 Feature Map #9
31.56 17.5 417.08
R et Tl L . pery— ol L
129.23 ././° \.\ 15.0 :?5.43 .—_.’_..—— q
1 o ) ] U
25 4 / 1253/
0 100 200 300 400 0 100 200 300 400
Diffusion Timestep Diffusion Timestep
== SD2) = QuUrs

42
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Ablation Studies

Cosine similarity with projection heads performs best

a

Diffusion Model I

‘o

—

L

/ CleanDIFT

i
i

.. Projection PCK@« (1)
Objective Head
cads aimg = .1 Obbox — 0.1

Coaine S v/ 68.32 61.43

OSINE ST X 68.16 61.29
T v/ 66.23 59.13

. X 66.49 59.43
r v/ 66.91 60.00

! X 66.87 59.91
SD 2.1 ; 63.41 55.92

P1I~o_7 }’

N

43



Experiments

Other Diffusion Backbones

Still effective for other diffusion backbones (larger U-Net or DiT)

PCK @« Gain (1)

Backbone

Qimg = 0.1 Obbox = 0.1
SDXL [46] 1.7 1.6
SDXL Turbo [55] 3.2 3.7
PIXART-« [7] i 2.2

Flux [14] 9.4 8.1
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Conclusion

« Diffusion features contain both semantic information and noise
« Clean diffusion features outperform noisy diffusion features

« CleanDIFT are useful for many downstream tasks
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Disscusion

Future Work
« Multi-layer Feature Aggregation
« Clean DiT features

o DIT features for downstream tasks
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