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Background

* Open-vocabulary panoptic segmentation

= Open-vocabulary
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- Panoptic segmentation
- Semantic segmentation

;': Per-pixel class labels

- Instance segmentation
(@) Image

:': Per-object instance labels

- Panoptic segmentation

'+ Per-pixel class+instance labels
(c) Instance Segmentation (d) Panoptic Segmentation
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Background

* Stable Diffusion

- Diffusion-based High-resolution synthesis
- Autoencoder T2 = Sl latent embedding= & =5t 0] perceptual image compression
7| & 9| diffusion model 2 C} high-resolution O| O] X| 4
- Text-to-image model
- TextS Encoder T2 encoding o0 condition2 2 E-&

- 0] 2|0f| = semantic map, text, representations, images &= condition2 £ =23}

Dlﬂwm HOJd Latent Space Conditioning)
Diffusion Process ﬁ——)l emanti
Ma;
/014 9 Difheion Model ising U- ! Text
\\ ~ ‘ Repres
”VM‘ lentations
\ (o2 — t Condition SV
2r-1
Lotent Dithsion Hode( L t .
. L - To
b(]J Xv (] <T
(024 C Viﬂim\ Mol | — [Decor |[— denoising step crossattention  switch  skip jon concat -
.,: 2 Figure 3. We condition LDMs either via concatenation or by a
- more general cross-attention mechanism. See Sec. 3.3
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* Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion

Models
- CLIP Embedding
- NVIDIA

. CVPR 2023 Highlight
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CLIP Embedding

- O|O[X|2} HIAE AMO|Q] RAIE S FE0I= 22

—

 Contrastive pre-training

- Image encoder®} Text encoder= & 1t A| L2 image feature vector2} text feature vector

ALOle| AA A & S5
» Zero-shot prediction

- Image encoderZ image featureE T=0I11, 2= class label 2 text encoderOf| &1IFA|7] text
featureE T=

- N7H 2| text feature & image feature2} 7} =2 S E2UAHE 7K = textE 7 210t = MEH

(1) Contrastive pre-training (2) Create dataset classifier from label text

T, T, | T I

1 LT | LT | LT LT
(3) Use for zero-shot prediction v
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L || LT | LT LT | . | LT ' [
Elmv —> LTy | Ty [Ty [ . 1Ty
Iy | |Ty | Ty | T3 | - [Ty '
CLIP Embedding
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Introduction
« == O[5 =& 2|8l open-vocabulary/| & |10 UX[Tt panoptic segmentationOf| A=
2 EEX] ot }US
« & ==0| M= large-scale text-image diffusion(Stable Diffusion)X'} discriminative

model(CLIP)= 225l panoptic segmentation= o= ODISEE | 2F

K-Means Clustering of Open-Vocabulary Panoptic Segmentation
Frozen Diffusion Features Prediction from ODISE

Input Image

Figure 1. We learn open-vocabulary panoptic segmentation with the internal representation of text-to-image diffusion models. K-Means
clustering of the diffusion model’s internal representation shows semantically differentiated and localized information wherein objects
are well grouped together (middle figure). We leverage these dense and rich diffusion features to perform open-vocabulary panoptic

segmentation (right figure).
| VDS I

Open-vocabulary panoptic Segmentation
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Method

* Problem definition

- Cirain: train 7| 12|, Cppqy: test 7HH| 2|

- Ctest 0” t

Ctramoﬂ HA T 9|'E'|| E|E L Sh

- Test A|Of| = O|O| X[ & category labelO| L} captionO| L&t &| X[ 410 ¢, ., Tt M-S &

woudkan
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N mask predictions {m;},

§>I<§ Text-to-Image Diffusion UNet =
| binary mask
. | loss

——  Mask Generator * P
- cross attention

#  skip connection

]
I ]
| |
d
_ Implicit Captioner : g T o Z’fg'ff]anﬁ
L . L ; i S supervised by
|mage ) ’.., MLP —.{ Implicit Text Embedding ] PR T T *  image caption
i=
e |
category , cat, g sees | cross entropy
labels television T (Chrain) / T (Cword) ’» loss Le
" e oo 7 & o
]
i

image |two cats are watching AT ) Kirain / Kword text embeddings L grounding Vil
caption | and in the tv... loss G

Figure 2. ODISE Overview and Training Pipeline. We first encode the input image into an implicit text embedding with an implicit
captioner (image encoder ' and MLP). With the image and its implicit text embedding as input, we extract their diffusion features from a
frozen text-to-image diffusion UNet (Sec 3.3). With the UNet’s features, a mask generator predicts class-agnostic binary masks and their
associated mask embedding features (Sec 3.4). We perform a dot product between the mask embedding features and the text embeddings
of training category names (red box) or the nouns of the image’s caption (green box) to categorize them. The similarity matrix for mask
classification is supervised by either a cross entropy loss with ground truth category labels (red solid path), or via a grounding loss with the

paired image captions (green dash path) (Sec 3.5).
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Method

 Text-to-image diffusion model

- Diffusion-based text-to-image generative model= denoising process& %0 UNet X EH
- UNet2 convolutional blocks, upsampling and downsampling blocks, skip connections, attention blocks 2 -’

- Attention blocksOl| A text embeddingt UNet features 7t 2| cross attention Al &
- & ==0| M= visual representatione == 0}7| 2[5l diffusion?| single forward passtF +=2

- Noisy image2} captionO| pair2 =07} ™ x0f| CH Bt visual representation f7| caption sOj
E PN
O T [

 Implicit Captioner
- Input imageO| L XH =l text embedding= ‘& ‘3St7| 92t network

- Frozen®t CLIPE &5l embedding space £ encode O| %, MLPE &0l implicit text
embedding2 = project

f = UNet(z, ImplicitCaptioner(x))
= UNet(z;, MLP o V(x)).
Implicit Captioner
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Method

* Mask Generator
= Input
-f
= Output
- N class-agnostic binary masks {m;}¥_,

- N mask embeddings {z;}Y_,
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Method

» Mask classification

- 0| = =l binary mask-E open vocabulary2| category labelOi| B " SH7| 2[5H, text-image

discriminative model(CLIP)= ZH&

- & X Q1 F=7tX| supervision signal

- Category label supervision

'+ TrainingA| Zf Of2A3 9| category label GTZF AHE 7hsofChl 7+

= H O| labels television

'+ Zf mask embedding feature z; Ol CHSH ground truth category y, & & &

.....

-+ Mask embedding feature z; 7} K, i, classesOll & 2HE A4t

- CrossEntropyLoss A&

N
1
Lo= N Z CI‘OSSEI’ItI'OpY(p(Zia Ctrain)7 yi)7 &)

P(2i, Cirain) = Softmax(z; « T (Cain)/7), (6)

Category label supervision loss
T(Ctrqin): encoded train categories
T: learnable parameter
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Method

» Mask classification

- 0| = =l binary maskE open vocabulary2| category labelO| B & St7| 2[5H, text-image
discriminative model(CLIP)= &&

- & X Q1 F=7tX| supervision signal
- Image caption supervision

'+ TrainingA| Zf OrA 39| category label GTZF S1CH 74

image |two cats are watching

o LH 4 imageE captionOf| A BALE F=Z=SHA GT label | H 2 caption | and in the tv...

- Grounding loss A&

() g(m)y = Y
(ZB , S ZZP zz, word Z@,T(’lUk;))
k:l =1
(7

The similarity between each image-caption pair

exp(g (:c(m S(m))/’T)
Yoy exp(g(z(m), s(m) /7)

B

= log

= ®)
Bk

tc |

eXp (9(zt™, 5(™)/7)
ne1 €xp(g(z(™, s(m) /)’

Sy |

Image caption supervision loss
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Method

» Open-vocabulary inference

- InferenceA| captiondf label 2 & = Bl test categories Crpgr BF AFE 7FS

- Implicit captioner Z-&
- Predicted maskE test category 2 classifySt”7| €3l text-image discriminative model(CLIP)2|
encoderE &
- Image encoderE image x= encodedH A{ feature map2 = H$t
- Mask pooled image feature A| 4t

- Mask pooled probabilities2} mask probabilities& geometric meanSt O A| 4k

= MaskPooling(V(z), m;). 9)

Mask pooled image feature

Text-to-Image

Diffusion UNet —  Mask Generator

_____

Kot text embeddings

Figure 3. Open-Vocabulary Inference Pipeline. To classify each mask embedding into testing categories Cieqi, We compute m similarity
with the text encoder 7 embedding of category names. Besides the mask embeddings from text-to-image dnffusmn model {z; } —1., we also
perform mask pooling on the features of image encoder V from text-image discriminative model to get {2/}_,. We fuse the prediction of
diffusion model (blue solid path) and discriminative model (grey dash path) with geometric mean.

Open-vocabulary inference pipeline
ﬂ HB T | VDS I
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Experiments

Supervision ADE20K COCO

Method label mask  caption PQ mAP  mloU PQ mAP  mloU

MaskCLIP [16] v v 15:1 6.0 23.7 - - -

ODISE (Ours) v v 22.6 14.4 29.9 554 46.0 65.2

ODISE (Ours) | v v | 234 139 287 | 456 384 524

Table 1. Open-vocabulary panoptic segmentation performance.
Training Supervision mloU

Method Dataset label mask  caption | A-847 PC-459  A-150 PC-59  PAS-21 COCO
SPNet [82] Pascal VOC v v - - - 24.3 18.3 E
ZS3Net [4] Pascal VOC v v - - - 194 383 -
LSeg [40] Pascal VOC v v - - - - 47.4 -
SimBaseline [84] | COCO v v - - 153 - 74.5 -
ZegFormer [15] COCO v v - - 16.4 - 733 -
LSeg+ [23] COCO v v 3.8 7.8 18.0 46.5 - 55.1
MaskCLIP [16] COCO v v 8.2 10.0 23:7 459 - -
ODISE (Ours) COCO v v 11.1 14.5 29.9 57.3 84.6 65.2
GroupViT [83] GCC+YFCC v 43 49 10.6 259 50.7 21.1
OpenSeg [23] COCO v v 6.3 9.0 21.1 42.1 - 36.1
ODISE (Ours) COCO v v 11.0 13.8 28.7 55.3 82.7 524

Table 2. Open-vocabulary semantic segmentation performance.
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Conclusions

« Downstream task 0| A frozen internal representation of large-scale text-to-image diffusion

models2| 7tsd 2 H| ¢t

« Text-to-image diffusion modelO| plausible image generation = 2F OfL| 2} semantic

representatlon S0 FOLC= A2 Y
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 InstructPix2Pix: Learning to Follow Image Editing Instructions

. CVPR 2023 Highlight
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InstructPix2Pix

“Swap sunflowers with roses”

”Add fireworks to the sky’

RUZROAE

“Replace the fruits with cake”
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Introduction

« Human-written instruction 7|2t image editing= ¢/t at5 4
L

_|oF

% OIO|H M2 2|8 GPT-32} Stable Diffusion 2 &}

=
- Generated data® S5

=

Real 1mag69f user-written instruction© = inference

Training Data Generation
() Generate text edits:

Instruction-following Diffusion Model
(d) Inference on real images:
,. Instruction: “have her ride a dragon”

Edited Caption: ‘photograph of a girl riding a dragon”

-
->
AL W

"have her ride a dragon”

Input Caption: “photograph of a girl riding a horse” -+ GPT-3

(b) Generate paired images:

Input Caption: “photagraph of a girl riding a horse” Stable Diffusion
Edited Caption: “photograph of a girl riding a dragon + Prompt2Prompt

“turn her into a snake lady”

(c) Generated training examples:
“convert to brick”

“Color the cars pml(

Make ithitby f/reworks
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Method

« Instruction-based image editing= supervised problem2 £ & 9|

- Instructiond} 1mage°| paired training dataset= ‘& ‘3

- Image editing diffusion model= &

* Generating instructions and paired captions

=1 X =2

- Large language model (GPT-3) & &

- Image captions= input2 =, editing instruction| the resulting text caption= output2 = 4

- Small human-written datasetS = finetuning

-« Finetuning dataset X|2f2 <I3l, 700 7H 2| input captionO| CH S} instructionZt output caption=

manuallySFA| £f-d

vesd imege Coapfions mannalln written

Input LAION caption Edit instruction Edited caption

Yefim Volkov, Misty Morning make it afternoon Yefim Volkov, Misty Afternoon
Human-written girl with horse at sunset change the background to a city ~ girl with horse at sunset in front of city
(700 edits) painting-of-forest-and-pond Without the water: painting-of-forest

Alex Hill, Original oil painting on can-\ | in the style of a coloring book Alex Hill, Original coloring book illustra-

vas, Moonlight Bay tion, Moonlight Bay

The great elf city of Rivendell, sitting \| Add a giant red dragon The great elf city of Rivendell, sitting atop a
GPT-3 generated 5 3 G i iy B g

a5 atop a waterfall as cascades of water waterfall as cascades of water spill around

(>450,000 edits)

spill around it it with a giant red dragon flying overhead

Kate Hudson arriving at the Golden \nake her look like a zombie Zombie Kate Hudson arriving at the Golden

Globes 2015 Globes 2015
W\

L

Table 1. We label a small text dataset, finetune GPT-3, and use that finetuned model to generate a large dataset of text triplets. As the input
caption for both the labeled and generated examples, we use real image captions from LAION Highlighted text is generated by GPT-3.
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Method

» Generating paired images from paired captions

Pretrained text-to-image model(Stable Diffusion) ZH-&
~ Caption pair(input caption+edited caption)= image pair= X2t

One challenge: text-to-image models= image consistencys= =2 &0t X| %=
- 0| & =01, “a picture of a cat” 1} “a picture of a black cat " O| 15| 40|ak O| O X[ 44
- Prompt-to-Prompt= AFE5t0] 5f{ 4
=E 3l
= = O

= 72| denoising steps 0| AT prompt-to-prompt2| cross attention weigh
o
= %S Hx 28

- Caption pairTt2 £ optimal valueE &=
~ Caption pairOFCF 10072 imageE ‘8 ‘2ot Fl, CLIP-based metricE & Of filtering
M2t & caption2| H2lO| YEHE S FA|AZ7|= 217t US

- CLIP-based metric: 5 image2| tH

(b) With Prompt-to-Prompt.

(a) Without Prompt-to-Prompt.

Prompt-to-PromptE & B} image consistency

R 447 TN 8k
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Method

e InstructPix2Pix

- Stable Diffusion 7|2 large-scale text-to-image latent diffusion model

- Image conditioning ¢; 2} text instruction conditioning c;7F TN 2 M|, noisy latent z, 0| E{SH %! noise S

O =ot= HIEXI ¢ & St

L =Eg(z) e(c),er,e~N(0,1),t [||€ — €o(2t,t,E(cr), CT))||§]
(1)

InstuctPix2Pix objective function

- Pretrained Stable diffusion checkpointE 2= 7|20 AFE
- R convolutional layer0fl =78 @l input channelsE 5 St ALE

- 7.2} £(¢;)E concat

g AW THEE D N | VDS I
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Method

 Classifier-free guidance for two conditionings

- A2} Q| Classifier-free: Guidance scale sZ class guidance2| scale® =&

VS

- InstructPix2Pix: 5 guidance scale(s; 2} s;)= scale= =73

€o(2t,¢) = eq(2t, D) + s (eg(z1, ¢) — eg(2:,2))  (2) €02t 1 01) = €o(2, 2, @)
+ 51 - (eq(2t,¢1,9) — eq(2:, 9, D))
+ s7 - (eg(z, cr, o) — ez, c1, D))

3)

Original classifier-free score estimate Ay .
InstructPix2Pix score estimate

Edit instruction: “ZTurn him into a cyborg!”

Two conditioning inputs
g HB T IVDSI
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Method

 Classifier-free guidance for two conditionings

- A2} Q| Classifier-free: Guidance scale sZ class guidance2| scale® =&

VS

- InstructPix2Pix: 5 guidance scale(s; 2} s;)= scale= =73

€o(2t,¢) = eq(2t, D) + s (eg(z1, ¢) — eg(2:,2))  (2) €02t 1 01) = €o(2, 2, @)
+ 51 - (eq(2t,¢1,9) — eq(2:, 9, D))
+ s7 - (eg(z, cr, o) — ez, c1, D))

3)

Original classifier-free score estimate Ay .
InstructPix2Pix score estimate

Edit instruction: “ZTurn him into a cyborg!”

Two conditioning inputs
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Results

03
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“Make it a Modigliani painting” “Make it a Miro painting”

Figure 5. Mona Lisa transformed into various artistic mediums.

< E__ N

Input “Put them in outer space” “Turn the humans into robots”

Figure 6. The Creation of Adam with new context and subjects (generated at 768 resolution).

& ; 3
“Make it Paris” “Make it Prague”

“Make it evening” “Put them on roller skates” “Make it underwater”

“Make it Minecraft” “Turn this into the space age”

“Make them into Alexander Calder sculptures™ “Make it a Claymation”

Figure 7. The iconic Beatles Abbey Road album cover transformed in a variety of ways.
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