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 Background
- Vision-Language Pretraining (VLP)
- Contrastive Language-lmage Pretraining (CLIP)

* How to use CLIP

« CLIP-Driven Segmentation
- CRIS: CLIP-Driven Referring Image Segmentation (CVPR 2022)
- CLIP-Driven Manipulation
- CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields (CVPR 2022)
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Background

* Vision-Language Pretraining (VLP) Models
- CH-E 2F 9| image-text pair dataset2 2 + 2 29| representations= &S A| 7] 2 &
- =2 contrastive learning=S A3} &t&
- Positive pair= FALE 7t 7 X| =& negative pair= FAFE 7 & OFX| 2 & ot&
- Supervised / self-supervised / generative learningt Z2e5t0| St&5 k(7|2 &
- Uni-modal task EE= vision-language multi-modal taskOf| Al =2 42 E¢
- Classification / object detection / captioning / retrieval etc.
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1) OpenAl, “Learning Transferable Visual Models FromNatural Language Supervision” (ICML2021)

Background

« [11 Contrastive Language-Image Pretraining (CLIP)

- Contrastive pre-training

- Aligning two modalities representations in a multi-modal embedding space
;' Maximize the cosine similarity of the image-text embeddings of the N real pairs
;= Minimizing the cosine similarity of the embeddings of the N2-N incorrect pairs

- Use for prediction (Image classification)

1. Contrastive pre-training 2. Create dataset classifier from label text
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1) OpenAl, “Learning Transferable Visual Models FromNatural Language Supervisio

Background

« [11 Contrastive Language-Image Pretraining (CLIP)

» Results

n” (ICML2021)

- CLIP’s features are more robust to task shift when compared to models pre-trained on ImageNet

- Zero shot CLIP modelis compared with ResNet-101 that has the same performance on
ImageNet validation set

Linear probe average over 26 datasets
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1) OpenAl, “Learning Transferable Visual Models FromNatural Language Supervision” (ICML2021)

Background

« Using 1 CLIP (Accepted to CVPR 2022)

CLIMS: Cross Language Image Matching for Weakly Supervised Semantic Segmentation
Conditional Prompt Learning for Vision-Language Models

RegionCLIP: Region-based Language-Image Pretraining

DenseCLIP: Language-Guided Dense Prediction with Context-Aware Prompting
CLIP-Event: Connecting Text and Images with Event Structures

ProposalCLIP: Unsupervised Open-Category Object Proposal Generation via Exploiting CLIP Cues
HairCLIP: Design Your Hair by Text and Reference Image

Simple but Effective: CLIP Embeddings for Embodied Al

PointCLIP: Point Cloud Understanding by CLIP

CRIS: CLIP-Driven Referring Image Segmentation

CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields
CLIP-Forge: Towards Zero-Shot Text-to-Shape Generation

Disentangling visual and written concepts in CLIP

Causal CLIP Fine-tuning for Fashion Product Retrieval

DiffusionCLIP: Text-Guided Diffusion Models for Robust Image Manipulation
CLIPstyler: Image Style Transfer with a Single Text Condition

Image Segmentation Using Text and Image Prompts
PR szasta VDS
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1) Zhaoqing Wang, Yu Lu, et al. “CRIS: CLIP-Driven Referring Image Segmentation” (CVPR2022)

How to Use CLIP

 CLIP-Driven Referring Segmentation : [ CRIS
- Referring image segmentation

- Not limited to indicating specific categories but finding a particular region according to the input
language expression

- CLIP model learns powerful image-level visual concepts by aligning the textual
representation with the image-level representation

- Transfer the knowledge of the CLIP model from image level to pixel level
- Visual-language decoder

(a) CLIP
- Text-to-pixel contrastive learning XN

(b) CRIS
=
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How to Use CLIP

1) Zhaoqing Wang, Yu Lu, et al. “CRIS: CLIP-Driven Referring Image Segmentation” (CVPR2022)

 CLIP-Driven Referring Segmentation : [ CRIS

» Cross-modal Neck

- (Multiple visual features, global textual representation F;) — multi-modal features
- (Multi-modal features, 2D spatial coordinate feature) — pixel-level visual features E,

- Vision-language decoder

- Propagate fine-grained semantic information from textual features to pixel-level visual features
- Multi-head self-attention (MHSA) : capture global contextual information

- Multi-head cross-attention (MHCA) : propagate fine-grained semantic information into E,
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1) Zhaoqing Wang, Yu Lu, et al. “CRIS: CLIP-Driven Referring Image Segmentation” (CVPR2022)

How to Use CLIP

 CLIP-Driven Referring Segmentation : [ CRIS

- Text-to-pixel contrastive learning

- Two projectors transform E. and F, into the same feature dimension —» z*P, zP
- Use text-to-pixel contrastive loss

== Align text features and the corresponding pixel-level features

> Distinguish irrelevant pixel-level featuresin the multi-modal embedding space

-
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1) Zhaoqing Wang, Yu Lu, et al. “CRIS: CLIP-Driven Referring Image Segmentation” (CVPR2022)

How to Use CLIP

 CLIP-Driven Referring Segmentation : [ CRIS

» Results

Dataset | Con. Dec. n | loU | Pr@50 Pr@60 Pr@70 Pr@80 Pr@90

- - - | 6266 7255 6720 5953 4352 1272 Method Backbone RefCOCO RefCOCO+ G-Ref
RefCOCO v - - 6464 74.89 69.58 61.70 45.50 13.31 val test A test B val test A test B val test
oY el Tree T2 eaT B e RMI* 5] | ResNet101 | 45.18 4560 4557 | 2086 3048 2950 | - -
: ' : DMN [ 3] ResNet-101 | 4978 5483 4513 | 3888 4422 3229 - -
oo 2] 09137 8096 7660 69.67 5223 16.09 RRN* [27] ResNet-101 | 5533  57.26 5395 | 3075 4215 36.11 - -
Vv 3| 6952| 8135 7754 7079 5265 1621 - 205 IL209090 ) 970 as o oh.
v v aleis!| 5099 7674 6932 5257 1637 MAUNet [50] | ResNet-101 | 5651 6237 5170 | 4667 5230 4008 | 47.64 4861
NMTree [26] | ResNet-101 | 5659 6302 5206 | 4740 5301 4156 | 4659 47.88
- - - | 5007 5455 47.69 4019 2875 8.21 CMSA* [49] | ResNet-101 | 5832  60.61 5509 | 4376 47.60  37.89 - -
RefcoCO+ | ¥ - - 3315 5828 5374 4667 3400 9.30 Lang2Seg [5] | ResNet-101 | 58.90  61.77  53.81 - - - 4637 4695
- v 1547316331 58.89 5246 3853 1170 BCAN* [16] | ResNet-101 | 61.35 6337 59.57 | 4857 5287  42.13 - -
Voo 1159971 6919 6485 5817 4347 1339 CMPC*[17] | ResNet-101 | 6136 64.53  59.64 | 4956 5344 4323 | - -
‘“; j % 2(1}13 2[(1’32 2‘;;; 2‘11;3 ‘4‘;33 ij‘;?) LSCM*[15] | ResNet-101 | 6147 6499 5955 | 4934 5312 4350 | - -
Y il el oS cos  elas 4698 1ior MCN [30] DarkNet-53 | 6244 6420 5071 | 50.62 5499 4469 | 4922 4940
- e - - - : CGAN[29] | DarkNet-53 | 64.86 68.04 6207 | 51.03 5551 4406 | 51.01  51.69
) - 4924 | 5333 4549 3658 2390  6.92 EFNet [ ] ResNet-101 | 6276 6569 5067 | 5150 5524 4301 - -
GoRef v - - | 5267|5927 5245 4412 2053 8.80 LTS [19] DarkNet-53 | 6543 6776 6308 | 5421 5832 4802 | 5440 5425
- v 1[5146 | 5868 5333 4561 3178 10.23 VIT [6] DarkNet-53 | 65.65 6829 6273 | 5550 5920 4936 | 5299 5665
i f ; 2223 zggg 2??2 :i%(', :323 ::jg CRIS (Qurs) | ResNetS0 | 6952 7272 6470 | 6139  67.10 5248 | 5935 5939
Vv 4|5879| 6791 6311 5543 3081 1348
< Ablation studies > < Experiments >
PR s15undka
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1) Zhaoqing Wang, Yu Lu, et al. “CRIS: CLIP-Driven Referring Image Segmentation” (CVPR2022)

How to Use CLIP

 CLIP-Driven Referring Segmentation : [ CRIS

» Results

Language: “man left cut off”

7 3 -. & 3 i:':l »
Language: “black suit with goggles™
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1) MicrosoftCloud AL “CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields” (CVPR2022)

How to Use CLIP

 CLIP-Driven Manipulation : [ CLIP-NeRF
- Conditional NeRF

- Generative model for a particular object category

- Conditioned on the latent vectors that dedicatedly control shape and appearance

- Suffer from mutual intervention between shape and appearance conditions
- Disentangled conditional NeRF

- Individual control over both shape and appearance

Using CLIP similarity loss for shape mapper and appearance mapper

P & — N _.._.,) ’_,
Yellow car ﬂ h_»@ ’_»‘

Blue chair

s> B —
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1) MicrosoftCloud AL “CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields” (CVPR2022)

How to Use CLIP

 CLIP-Driven Manipulation : [ CLIP-NeRF

- Training disentangled conditional NeRF
- Inputs : position, view direction, shape code, appearance code
- Outputs : density, color
- Shape deformation network : (position p(x, y, z), shape code z;) — displacement vectors Ap
- MLP network
= manipulating the appearance without touching the shape information (density)

___________________________________________________________________________

Dlsentangled Conditional NeRF View direction (¢, #) MLP

E
I
%\/(33 Y,z _,._|__.. % | Real image
@’ 4 Positional encodmg ! I y
%/ I \_.
/ Shapaoodezs—'lll

Densnty T — 1/0

| Discriminator

Appearance code 2,

|
|
I
|
|
Deformation Tnetwork /

OQutput

CLIP-Driven Manipulation
- =
Input _“‘AZS _’Aza, ;

e — L

— ] Shape mapper Appearance T mapper }
or | — Similarity

A green SUV I |
|

e =
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1) MicrosoftCloud Al “CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields” (CVPR2022)

How to Use CLIP

 CLIP-Driven Manipulation : 1 CLIP-NeRF
= Training mappers

- Take a feed-forward approachto directly update the condition displacement vectors from the
input condition

- Freeze : generator, discriminator, CLIP encoder
- Maximize the embedding similarity between a rendered image patch and the input condition

zl=M(&®) +z,, z,=M(&®)+z, Losscyp = 1— < (1), 4,(0) >

___________________________________________________________________________

" Disentangled Conditional NeRF View direction v ¢, 0 Training Strategy

|
I
|
I
(33 Y, 2 —*—f——b %_I_ | Real image
Positional encodmg |

ot Densdy a — 1/0
... Shape code ZS e

Appearance code 2,
network ' ) Discriminator
CLIP-Driven Manipulation

|
ad
I
Input — Az — Az, !
& _[ L

— Shape mapper Appearance T mapper }

|

’ |

R AEBD VDS

L Deformation

— Similarity

\

S0GANG UNIVERSITY 14



1) MicrosoftCloud AL “CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields” (CVPR2022)

How to Use CLIP

 CLIP-Driven Manipulation : [ CLIP-NeRF

- CLIP model can support view-consistency representations for 3D-aware applications
- More sensitive to small object difference than large view variations
;' CLIP feature is stable across different viewpoints
v Different views for a same object have higher similarity (small distance)
:'= CLIP can distinguish object differences
v Different objects have lower similarity (large distance) evenin an identical view

0.072

- 0.069
= 0

- T e
s %

c\ Cosine distance within an object
4=p- (Cosine distance across objects
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1) MicrosoftCloud AL “CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields” (CVPR2022)

How to Use CLIP

 CLIP-Driven Manipulation : [ CLIP-NeRF

- Ablation study for disentanglement

1
w/o disentanglement Ours w/o disentanglement  Ours

HAY NS VDS
2
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1) MicrosoftCloud AL “CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields” (CVPR2022)

How to Use CLIP

 CLIP-Driven Manipulation : [ CLIP-NeRF

- Editing results
Source Blue Jeep Orange SUV
Source Orange flowers —
= [ ‘

Source
Yellow flowers
Yellow flowers with green leaves w

Source Long car Mini car Sports car

Gauﬂﬂe
el 2= R ED @
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1) MicrosoftCloud AL “CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields” (CVPR2022)

How to Use CLIP

 CLIP-Driven Manipulation : [ CLIP-NeRF
- Scaling along editing direction
o . En O o o e e B
e YPLPYGHYHQQOD
e-tteeLeLeLeee

Zy=5 XAz, + 2, §%G‘$%%““‘

- Interpolation  Zipeer =22 Xr+2z' X (1—7)

Z,=SX Az, + z

nce editing

A A A A RPN
PRIQUQYRR
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1) Zhaoqing Wang, Yu Lu, etal. “CRIS: CLIP-Driven Referring Image Segmentation” (CVPR2022)
2) MicrosoftCloud AT, “CLIP-NeRF: Text-and-Image Driven Manipulation of Neural Radiance Fields” (CVPR2022)

Conclusion

 CLIP-Driven Referring Segmentation : [ CRIS

- Text-to-pixel contrastive learning

- Enforce the text feature similar to the related pixel-level features and dissimilar to the irrelevances

 CLIP-Driven Manipulation : 121 CLIP-NeRF

- Design two code mappers that take a CLIP embedding as input and update the latent
codes to reflect the targeted editing

- Trained with a CLIP-based matching loss to ensure the manipulation accuracy

HAY sk VDS
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