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Q3: how to do image generation?

Image :
g . Produce visual data
Generation

LLM for language understanding and generation

Image
Encoder

Q1: how to learn image representations?
Q2: how to extend vision models with ma
flexible,promptableinterfaces?

Consume visual data

re

Generalpurpose interface

Q4: how to train multimodal LLM?
Q5: how to chain multimodal exper
with LLM?




LLM for language understanding and generation

Image

Consume visual data
Encoder

Q2: how to extend vision models with mqre
flexible,promptableinterfaces?
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Unique Challenges In Vision: Modeling
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Unique Challenges In Vision: Modeling

Modality

a) Different types of inputs: . T
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VModality
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Unique Challenges In Vision: Modeling
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Unique Challenges In Vision: Data

From POoor t(_) richer Box Annotation From coarse to
semantics (COCO, 0365) finer grain

Image Annotation

(ImageNet, LAION)

Scales differ significantly across different types of annotations
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Clear Attempts towards General Vision

Closedset Openworld
Classification Recognition

AlexNetl], ResNétl, ViTsl CLIF, ALIGN!, FLORENGE
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[1] Krizhevsky et al. "Imagenetc | assi fi cation with deep NeorlP820Ll2ut i onal neur al net wor ks . .
[2] He et al. "Deep residual learning for image recognition.” CVPR 2016.
[3] Dosovitskiye t al . “"An i mage is worth 16x16 words:ICLRROInsf or mers for i mage recognitior

[4] Radford et al. Learning transferable visual models from natural language supervision, ICML 2021
[5] Jia et al. "Scaling up visual and vision-language representation learning with noisy text supervision." ICML 2021.
[6] Yuan et al. "Florence: A new foundation model for computer vision." arXiv 2021.



Clear Attempts towards General Vision

Closedset Openworld
Classification Recognition

Specialist Generalist
Models Models

Detectiof!), Segmentatiofd, VOA Pixel2Seqv2[4niTABS], OFA[6], Unified

Outputs: b b X
softmax regressor

Rol FC FC
pooling

layer ]] DFCDS

Rol feature
vector For each Rol

[1] Girshick. "Fast r-cnn." CVPR 2015.

[2] He et al. "Mask r-cnn." ICCV 2017.

[3] Antol et al. "Vqa: Visual question answering." ICCV 2015.

[4] Chen et al. "A unified sequence interface for vision tasks." NeurlPS 2022.

[5] Yang et al. "Unitab: Unifying text and box outputs for grounded vision-language modeling." ECCV 2022.

[6] Wang et al. "Ofa: Unifying architectures, tasks, and modalities through a simple sequence-to-sequence learning framework." ICML 2022.
[7] Lu et al. "Unified-io: A unified model for vision, language, and multi-modal tasks." ICLR 2022.

[8] Zou et al. "Generalized decoding for pixel, image, and language." CVPR 2023.



Clear Attempts towards General Vision

Closedset Openworld
Classification Recognition
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Models Models
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[1] Bao et alBEIiT BERT Pr€&raining of Image Transformers, ICLR 2022 71 F ? Hrise o g T T "
[2] He et al. "Masked autoencoders are scalable vision leamers.” CVPR 2022.. R EE”H™ m ~u[~°m>EEEEN - e | P
[3] Caron et al. "Emerging properties in self-supervised vision transformers.” ICCV 2021. HEENE /] [ [ [ [ —
[4] Kirillov et al. "Segment anything." arXiv 2023. nput ] target o Yo | ’
[5] Wang et al. "Seggpt: Segmenting everything in context." arXiv 2023. N e
[6] Zou et al. "Segment everything everywhere all at once." arXiv 2023.
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 Intuition: language as the
. common space to share
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 Benefit Zeroshot transferto!  Bridgevision with  Intuition: language, spatial
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Intuition: vision is multtask,
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Bridge Vision with Language

ImageClassification ObjectDetection Segmentation
semantic |8 ¢ &

A
e.g., CLIP [1] e.q., GLIP [2] e.g. MaskCLIIPS]
LanQUAQERr oo
e. g, V|T [4] e.g., DETR [5¢.0., Mask2Former [6]
Label @b P P
| | . granularity
o ° ® >
Image Region Pixel
[1] Radford et al. "Learning transferable visual models from natural language ~ [4]Dosovitskiye t —al . A An i mage is worth 16x16 word
supervision.1CMLPMLR, 2021 s ¢ allGtR, @021 . S
[2] Li et al. "Grounded languagmage pretraining." CVPR2022 [5] Carion et al. "End-to-end object detection with transformers.”" ECCV, 2020
[3] Zhou et al. Extract Free Dense Labels from CLIP" ECCV2022 [6] Cheng et al. "Masked-attention mask transformer for universal image

segmentation.” CVPR. 2022
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[1] Radford et al. “Learning transferable visual models from natural language ~ [4]Dosovitskye t al . AAn i mage is worth 16x16 word
supervision.1CMLPMLR, 2021 s ¢ a llGLR, @021 . -
[2] Li et al. "Grounded languagmage pretraining." CVPR2022 [5] Carion et al. "End-to-end object detection with transformers.” ECCV, 2020
[3] Zhou et al. Extract Free Dense Labels from CLIP" ECCV2022 [6] Cheng et al. "Masked-attention mask transformer for universal image
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[1] Radford et al. "Learning transferable visual models from natural language ~ [4]Dosovitskiye t - al . A An i mage is worth 16x16 word
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Bridge Vision with Language for Segmentatiotl

A Segmentation tasks:
A Generic segmentation (semantic/instance/panoptic segmentation)
A Referring segmentation (segment image with specific text phrase)
A Methodologies:
A Initialize from CLIV.s
A Weakly supervised trainings
A Twostagev.s

Gopenat @ BE Microsoft (U Google
CL‘IP MaskCLIP 7 Lseg MaskCL |P* X-Decoder  ODISE DataSeg
Zegformer  OpenSeg GroupViT Mask-adaptive SAN OpenSeeD

¢ cLP BE \jicrosoft e Microsoft
Rogie Google ®




Bridge Vision with Language for Segmentatiotl

AGroupViTLearn to group semantic similar regions by learning from intexje
pairs from scratch:
A Bottom-up grouping using a novel grouping block
A Topdown imagetext supervision for visusemantic alignment
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S R ng oc;mg > Vose <

{si}

Wy . Linear Projection @880 Q00000000
P ia - SO "‘iiﬁ*iilh- Two elephants in thljungle this morning ' {gf} {éf}

dog cat boat motorbike — (a) GroupViT Architecture and Training Pipeline (b) Grouping Block
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Bridge Vision with Language for Segmentatiotl

AMaskClL |FExtract free dense label from CLIP

A Change attention pooling to a new adaptation strategy
A Pseudelabel masks using CLIP as the teacher model

Output Output Text Embeddings MaskCLIP
[] “person” : CcLIP
T “skateboard” E— Text —_—
: i | Encoder
Linear '

Scaled Dot-Product (Conv. Welghts

Attention
¥
i cupP
—> Image ——> Classifier
i | Encoder
: *..
(Same) “*-.
(Pseudo Labels)

! Dilated -
| Backbone ASPP —> | Classifier | —> Loss

v :

IaCTE (Initialized w/ ImageNet pre-train) MaskCLIP+

(Attention Pooling) (Our Adaptation) (@) Only modules require training

[1] Zhou et al. Extract Free Dense Labels from CLIR* ECCV2022



Bridge Vision with Language for Segmentatiotl

AMaskClL |FExtract free dense label from CLIP

A Change attention pooling to a new adaptation strategy
A Pseudelabel masks using CLIP as the teacher model

Output Qutput

"
“-+--- (Initialized w/ ImageNet pre-train)

MaskCLIP+ |

(Attention Pooling) (Our Adaptation) (a)

[1] Zhou et al. Extract Free Dense Labels from CLIR* ECCV2022



Bridge Vision with Language for Segmentatiotl

AOpenSegWeakly supervised learning by enforcing fgrained alignment
between textual features and magiooled features.
A Learn from imageext pairs and local narrations.
A A pretrained mask proposal network is used.

Image/Ground-truth ALIGN LSeg+ OpenSeg OpenSeg w/Loc.Narr.

[ Region-word grounding loss ] § i ;fa'
g’\ ree|

—'D i roa

=== I g f
KxD A NxD gé o::e
: =

Mask-based pooling === canop

1 5 - y o

e gg £ P cal\:

F I Segmentation P eaves

HxXWxD loss EF i

£ "

T - ~
Cross-
erﬁg:ider Backbone i attention COCO Train mloU Grounding mloU

module label mask cap.|A-847 PC-459 A-150 PC-59 COCO|[A-847 PC-459 A-150 PC-59 COCO
i 1 ALIGN X X x| 48 36 9.7 185 15.6[17.8 21.8 25.7 34.2 28.2
A big stuffed bear -——-——-————ll Class-agnostic ALIGN w/proposal | X X 5.8 4.8 12.9 224 17.9| 17.3 19.7 25.3 32.0 23.6
sitting on a bench 0 segmentation LSeg+ /X 3.8 7.8 18.0 46.5 55.1| 10.5 17.1 30.8 56.7 60.8
outside a store 4 nxo annotations OpenSeg X < 7| 63 00 21.1 42.1 36.1] 21.8 32.1 41.0 57.2 48.2
OpenSeg w/L. Narr.| X v V| 6.8 11.2 24.8 459 38.1|/25.4 39.0 45.5 61.5 48.2
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AOpenSegWeakly supervised learning by enforcing fgrained alignment
between textual features and magiooled features.
A Learn from imageext pairs and local narrations.
A A pretrained mask proposal network is used.

Image/Ground-truth ALIGN LSeg+ OpenSeg OpenSeg w/Loc.Narr.
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i 1 ALIGN X X x| 48 36 9.7 185 15.6[17.8 21.8 25.7 34.2 28.2
A big stuffed bear -——-——-——-——ll Class-agnostic ALIGN w/proposal | X X 5.8 4.8 12.9 224 17.9| 17.3 19.7 25.3 32.0 23.6
sitting on a bench 0 segmentation LSeg+ o/ X 3.8 7.8 18.0 46.5 55.1| 10.5 17.1 30.8 56.7 60.8
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Bridge Vision with Language for Segmentatiotl

AOpenSegWeakly supervised learning by enforcing fgrained alignment
between textual features and magiooled features.
A Learn from imageext pairs and local narrations.
A A pretrained mask proposal network is used.

Image/Ground-truth ALIGN LSeg+ OpenSeg OpenSeg w/Loc.Narr.

[ Region-word groundmg loss §
55
W % w . %2 |
o LT ﬁ’ Masked pooling i
g
A
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F 1| - Segmentation cig
HxWxD I NxHxW loss gg
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erﬁg:ider Backbone 7, attention COCO Train mloU Grounding mIoU
module label mask cap.|A-847 PC-459 A-150 PC-59 COCO|[A-847 PC-459 A-150 PC-59 COCO
i 1 ALIGN X X x| 48 36 9.7 185 15.6[17.8 21.8 25.7 34.2 28.2
A big stuffed bear -——-——-——-——ll Class-agnostic ALIGN w/proposal | X X 5.8 4.8 12.9 224 17.9| 17.3 19.7 25.3 32.0 23.6
sitting on a bench 0 segmentation LSeg+ v X 3.8 7.8 18.0 46.5 55.1| 10.5 17.1 30.8 56.7 60.8
outside a store e annotations OpenSeg X < J | 63 00 21.1 42.1 36.1] 21.8 321 41.0 57.2 482
OpenSeg w/L. Narr.| X v V| 6.8 11.2 24.8 459 38.1|/25.4 39.0 45.5 61.5 48.2

Imagetext pairs helps, and local narrations further improve the performan



Bridge Vision with Language for Segmentatiotl

AMaskCLIPUCSD Supervised training for panoptic segmentation with COCO
using CLIP as the initialization
A Two-stage training: 1) mask proposal network training; 2) CLIP model adaptation

Text Embed

|:| D |:| D Classification Results

CLIP
Text
Encoder

Category Names:
[‘person’, ‘desk’, ...]

MaskCLIP Visual Encoder

_____________________________________________________________

A . ELE Sl

class | {5 i Cigm iR

g = E - .

Class-Agnostic : . .
Mask Proposal : =. :

88
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Bridge Vision with Language for Segmentatiotl

AMaskCLIPUCSD Supervised training for panoptic segmentation with COCO
using CLIP as the initialization
A Two-stage training: 1) mask proposal network training; 2) CLIP model adaptation

Method COCO Training Data | A-1501 | A-847 1 | P-4591 | P-59 1
ALIGN (Jia et al., 2021) None 10.7 4.1 3.7 15.7
ALIGN w/ proposals (Jia et al., 2021) | Masks 12.9 5.8 4.8 22.4
. LSeg+ (Li et al., 2022a) Masks + Labels 18.0 3.8 7.8 46.5
CLIP baseline works OpenSeg (Ghiasi et al., 2022) Masks + Captions 21.1 6.3 9.0 42.1
and mask proposals SsimSeg (Xu et al., 2022) Masks + Labels 20.5 7.0 - 47.7
i CLIP Baseline Masks 13.8 5.2 5.2 25.3
help S“ghtly MaskCLIP w/o RMA Masks 14.9 5.6 5.3 26.1 }
l\".l.d.b.l&blgll' \lVlle&l\L,l\‘lTl\‘lT) IV‘ICI.D}XD + Ld.bC}b 22.4 68 9}. 41 .3
MaskCLIP Masks + Labels 23.7 8.2 10.0 459

iy i e

ALIGN++ OpenSeg MaskCLIP

house sky road grass land tree  brick rock river wall building plant roof




Bridge Vision with Language for Segmentatiol
AMaskCLIPUCSD Supervised training for panoptic segmentation with COCO

using CLIP as the initialization

A Two-stage training: 1) mask proposal network training; 2) CLIP model adaptation

|

Method COCO Training Data | A-1501 | A-847 71 | P-4591 | P-59 1
ALIGN (Jia et al., 2021) None 10.7 4.1 3.7 15.7
ALIGN w/ proposals (Jia et al., 2021) | Masks 12.9 5.8 4.8 22.4
LSeg+ (Li et al., 2022a) Masks + Labels 18.0 3.8 7.8 46.5
OpenSeg (Ghiasi et al., 2022) Masks + Captions 21.1 6.3 9.0 42.1
SimSeg (Xu et al., 2022) Masks + Labels 20.5 7.0 - 47.7
CLIP Baseline Masks 13.8 5.2 5.2 25.3
MaskCLIP w/o RMA Masks 14.9 5.6 5.3 26.1
MaskCLIP (MaskRCNN) Masks + Labels 22.4 6.8 9.1 41.3
MaskCLIP Masks + Labels 23.7 8.2 10.0 45.9

sky

iy i e

road

ALIGN++

grass land  tree  brick rock

OpenSeg

river  wall building plant

MaskCLIP

roof

Label information
significantly boost
openvocabulary
performance.



Put all together

Imagetext

pairs
Pseudo Imagetext
‘ — pairs Labels
+
Data Selftraining Mask Masks
Imagetext
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| .
miot GroupVIT
(Pascal 52.3) VaskoLlp | OPenseg Zegformer

(Pascal 86.1) (Pascal 72.2)  (Pascal 80.7) X-Decoder
(Pascal 97.9)



Put all together

Imagetext
pairs
Pseudo Imagetext Labels
‘ mask pairs
+

Mask WERE

Data Selftraining

Imagetext
pairs

CLIP as the foundation helps a lot for opatabulary seg.

| .
miot GroupVIT

(Pascal 52.3)

OpenSeg Zegformer

MaskCLIP

(Pascal 86.1) (Pascal 72.2)  (Pascal 80.7) X-Decoder
(Pascal 97.9)



Put all together

Imagetext
pairs
Pseudo Imagetext
‘ —— pairs Labels
+

Mask WERE

Data Selftraining

Imagetext
pairs

Combine weak annotations with golden ones for
better performance

mloU

Group\-—
(Pascal 52.3)

OpenSeg Zegformer

MaskCLIP

(Pascal 86.1) (Pascal 72.2)  (Pascal 80.7) X-Decoder
(Pascal 97.9)



Bridge Vision with Language for Core Vision

ImageCIaSS|f|cat|on ObjectDetection Segmentation
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R 9 _________ 4 e9.t ETR [5b.9, Ma k2Former 6]
granularity

L o @ >



Bridge Vision with Language for Core Vision

ImageClassification ObjectDetection Segmentation

nnnnn tic ENOREINNA ] e sl

These models are unleashed to recognize epen
world Concepts but stlll mostly tasdpecific

e. g, V|T [4] e.g., DETR [5¢.9., MaskZFormer [6]
Label @b S P




Bridge Vision with Language for Core Vision

ImageClassification ObjectDetection Segmentation

N NA N —

Connect tasks horizontally across
different granularities

el €.0., CLIP [I] €.0., GLIP [2] €.0.,MaSKCLTE3]
Languages----------------i--mmemmeneen oo ronnree s oo
e.g;\/iT [4] e.g., D?ETR [5¢.9., MasikZFormer [6]

Label @bt e o oo
: | . granularity
° ® ® >
Image Region Pixel




Il. Unify Different Granularities

Unify different
granularities



Unify Different Granularities

ImageClassification ObjectDetection Segmentation

| | 5 Box Annotation
e.g., CLIP [1] e.q., GLIP [2] e.q. MaskCLIIPS] (COCO, 0365)
Languag&‘“ ______________ :

Label @S .9.)(!1.[f‘.l.--.....e...9....F.%ET_F_%__[?_!?__9____“_4_%%%59@9&[61 Image Annotation
| | (ImageNet, LAION)




Unify Different Granularities

ImageCIa55|f|cat|on ObjectDetection Segmentation

| From coarsa@rain to finegrain: rich semantics
From finegrain to coarsedrain: better grounding

Label @S .9'}1!1.[f‘.l.--.....e...9....F.%ET_F_%__[?_!?__9____“_4_%%%59@9&[61 Image Annotation
| | (ImageNet, LAION)




Unify Different Granularities

ATasks we are considering:

Almagelevel image recognition, imagext retrieval, image captioning, visual
guestion answering, etc.

AReaqgionlevel object detection, dense caption, phrase grounding, etc.
APixellevet generic segmentation, referring segmentation, etc.

ATwo types of unifications:
1 convert all outputs into sequence.

nshare the commons maximally but with respect to
the differences.



Unify Different Granularities

Outputs
I Q . Q 2 Q
L decode 4]
Sequence
Output
Unification

Inputs

Convert all outputs into sequence and
to corresponding outputs

Outputs
1Q . Q Y2 Q

Lmbine 4]

Shared output types

Function
Unification

A B Z
Inputs

Predict shared output types and
one or more to produce the
final outputs



Outputs Unification

AConvert both inputs and outputs into sequences:

Alnputs Text as it is or add some prefixes; Image into a sequence of tokens (not
necessarily)

AOutputs Boxes: a sequence of coordinates (top left + bottom right); Masks: a
sequence of polygon coordinates encompassing mask; Key points: a sequence
of coordinates.

BE Microsoft  Google Google €2 Alibaba
UniTab Pix2Seqv2 UVIM OFASYS VisionLLM

Pix2Seq OFA Perceive-10 Unified-10 Painter PALI-X

Google €2 Alibaba Ai12 SAAIl Google




Outputs Unification

AUniTaband Pix2SeqvMnify text and box outputs with no specific modules

Grounded captioning: UniTAB Decoder Vocab.
A picture of Text Box
donut <obj>
‘on <\obj>
Visual grounding: A | ' coffee <0>
donut on a white plate a <1>
next to a cup of latte. RN e [P
- | theorem <199>
Image captioning:
LS | Mutimodal
) . encoder
Question answering: | ——> ¥

What color is the plate?

Object localization:
plate, donut, mug

<obj> A donut <90> <83> <184> <180> <\obj> on
— a <obj> white plate <78> <84> <186> <199> <\obj> —
next to a <obj> cup of latte <10> <7> <94> <113> <\obj>.

Grounded Caption
Visualization

.<obj>A donut <90> <83> <184> <180> <\obj> &~

UniTAB

decoder

UniTAB

—| & <obj> white plate <78> <84> <186> <199> <\obj>
aextie-a <obj> cup of latte <10> <7> <94> <113> <\obj>
<pie- A donut <S8>—<A3><4Rd4><430>—<abi>0n
a-—<ebj>white plate <78><84><186><109><\ebj>
next to a—<obi>cup of latte—~+ . =
The <obj>plate <#8>-<84>-<186><190><iobj>is
white.

<obj> plate <78> <84> <186> <199> <\obj> <obj>
donut <90> <83> <184> <180> <\obj> <obj> mug <10>
<7> <94> <113> <\obj>

Caption Eval.

Grounding Eval.

Method Ba4d M C S |Flay Flie
NBT [1] 27.1 21.7 57.5 156/ - -

GVD [50] 27.3 225 62.3 16.5| 7.55  22.2
Cyclical [50]  |26.8 224 61.1 16.8| 844  22.78
POS-SCAN [54]|30.17 22.6" 69.3" 16.87| 7.17  17.49
Chen et al. [0] |27.2 225 62.5 16.5| 7.91  21.54
UniTAB 30.1 23.7 69.7 17.4(12.95 34.79

Grounded Captioning Evaluation

ACommon vocabulartext and

coordinates are both tokenized and
put into the same vocabulary

ATask prefixrequires a task prefix to [
determine which task the model iIs  [®..="

Xmin=249 Yma =638 ...

coping with

e~ S
[Segment] ymin=50
Xmin=51 Ymax=892 ...

[ Ymin=327 Xmin=370 Ymax=653 Xmax=444 train ...... ]

}

¥0=8 Xo=4 y1=99 x1=97 y,=99 x,=97 ......

¥

[ Nose Ymin=1 Xmin=57 left eye ...... ]

Y

IA person working in mechanical shop with two mopeds outside.]




Outputs Unification

AUnified-1O:unify a wide range afinderstanding tasks including segmentation

A Output QuantizationVQVAE for different types of tasks, such as mask, depth, image.
(shared bydViMand OFA to some extent)

A Twostage pretraining1) pretraining VQVAE; 2) jointly pretraining on multiple tasks in a
seq¢to-seq manner

Discrete

Segment the ca} SentP(;ece sequence ( )
lf"" ‘ encoder serves as > VQVAE
~ ‘ the target decoder

S —_
VQVAE l l VQVAE l A What is the colof | SentPiece
Encoder Decoder of the cat? encoder

S

— . .
@ UnlﬁEd'IO SentPiece | I own
decoder
‘ —

Transform Transform

er
Encoder

er
Decoder

discrete

output VQVAE
decoder

loc750 loc94(
loc480 loc98(—>
cat

Patch
VQVAE] [ VQVAE]_> embedding
Encoder Decoder
Embedding
A
What is the depth ) ‘
map _ SentPiece

VQVAE VQVAE of the image? encoder
Encoder Decoder ~——
E—
- .| SentPiece

Localize the ca
encoder
-—

SentPiece
decoder




Outputs Unification

AOther works like/isionLLMise LM as the output interface

Alt unifies a wide range of vision tasks so that an encatdeoder can
pe trained endo-end

Alt also:
Aneeds taskspecific decoder to decode the sequence to final outputs:
A E.g., extract coordinates and translate into a box, convert polygon/color map into mask

Amight be hard to interpret the interactions across different tasks of different

granularities
Amay not be able to build a strong cressk synergy as we expect




Functionality Unification

AVision tasks are not fully isolated:

A Box outputs shared by generic object detection, phrase grounding, regional captioning

A Mask outputs shared by instance/semantic/panoptic segmentation, referring segmentation,
exemplarbased segmentation, etc.

A Semantic outputsshared by image classification, image captioning, regional captioning,
detection, segmentation, visual question answering, imsge retrieval, etc.

N
| FVF
m NYU m Microsoft

UniT MDETR UniT3D Uni-Perceiverv2 OpenSeeD

GPV GLIPV2 UNINext X-Decoder
A|2 B Microsoft ByteDance a5 Microsoft




Functionality Unification

AUniPerceiven?: a unified decoder -

IS exploited for many vision
understanding tasks

Our Generalist Model — Uni-Perceiver v2
General Task Adaptation

Image Classification

| — Object Detection

mage

™~ Instance Segmentation

Dgeneral — : Text Retri |
mage-lext Retrieva

Text — [N

Image Captioning

#Poral = #P 1 + #P 1 + #P)

general

........

i with asports |

Attention Pool < SPE >

Flatten —| Concat | Mmoo '

\ ! qglobal E

2 3 s 5

(=) =} : i

— § ——= 3" — e C] E

a2 | P | 3 | |

Images ' D :
|_Image Encoder finage seoo--e

l: qproposal ‘:

[—— . . :
SEm. box mask : ' [:] E
R O

...... - > E

N et s . AT B(g) L]

! ! mas ! !

: u S Vi W |

} T ! : X

— > ‘ ! D :
™ g™ gk E )

[ gtext

A dog playing ! E i

! ball on the grass — Text Encoder fiext

|
S0

________

Unified
Decoder
g




Functionality Unification

' Generalized Decoding for Pixels, Images, and Language



Functionality Unification

Ax-Decoder Generalized Decoding for Pixels, Images, and Language

) y -
) _ - -
{ = agiraffe
trict \‘\(7 sand
W = : =

Query.Zebra,antelope,giraffe,0 Query. Owl on the left Query. The tangerine on the Cap river in the
strich,sky,water,grass,sand,tree plate. mountains near the town
[ Pixel-Level Outputs ] [ Pixel-Level Qutputs }
[ Semantic Outputs }: [ Semantic Outputs ]‘ [ Semantic Outputs ]1 [ Semantic Qutputs ]4—
T T 1 T T 1 T T 1 T T ¢

T T T T T T + % + + _t +
[Lutent Queries] [Text Queries ] [Latent l]uer'ies] [Text Queries ]
I T T T I

T

Image Image 7 Image f Image
Features Text Features Text Features Text Features Text

(a) Generic Segmentation (b) Referring Segmentation (¢) Image-Text Retrieval (d) Image Captioning/VQA



Unify Different Granularities

ImageClassification ObjectDetection Segmentation

semantic |[& -
A =l
[1] CLIP [2] ¢ 1P [3] MaskCLIP
Languages - s o
[4] \?/iT [B1L. R [6] MasI%ZFormer
Label @t i e
: | . granularity
® ® o >
Image Region Pixel



Computer Vision in the Wild

ImageClassificatiorn
the Wild

with rice and other ingredients

i1 Def_wn: rice cooked with broth and
sprinkled with grated cheese

et - Path_wn: [risotto, dish, nutriment, food,
substance, matter, physical_entity, entity]
GPT3: ["A rice dish made with arborio rice
and typically served with meat or fish.”,
“A rice dish made by stirring rice into a
simmering broth]

Task preview

HatefulMemes

Flowers102 DTD Food101
Country211 RESISC45
g QAlrcraft

3KittiDistance

StanfordCars vOC2007

OxfordPetsCIFART OOC%JASRF%%

inW ObjectDetection
in the Wild

Object Detection in the Wild

Example of knowledge sources

O Concept name: starfish
%78 Def_wik: Any of various asteroids or other
vaz echinoderms (not in fact fish) with usually five
arms, many of which eat bivalves or corals by
everting their stomach.
wone - Def_wn: echinoderms characterized by five
arms extending from a central disk
i1 Path_wn: [starfish, echinoderm, invertebrate,
animal, organism, living_thing, whole, object,
physical_entity, entity]
GPT3: A marine animal of class Asteroidea,
typically having a central disk and five arms.

Task preview

.ShellfishOpenImages lehUnderWater
CheSSPiECes. s BY AC
PascalVOC

Aer 1alMaritimeDrone(large)

S D1antdac o

HardHatWor !«er s

NorthAmericaMushrooms
OpenPoetryvlslon
WebsiteScreenshots .

Aquariump; .. BoggleBoards

OxfordPets(species) BCCD

Amerlcan51gnLanguageLetters

skWearing

UnoCards VehlclesOpenImages
Wil e CottontailRabbits ™ MountainDewCommercial
SelfDr1v1ngCar OxfordPets(breed)

AerialMaritimeDrone(tiled)egoHan

MY Segmentation
in the Wild

Segmentation in the Wild

Exemplar images in SGinW Benchmark

Task preview

Squireel

Rarts,
Rail

Poles

Strawberry’ ;. ..

2nd Workshop on Computer Vision in the Wild, East Ballroom B, Juriefli day



Promptabldnterface

Take various
prompts



Generalist Vision
Models

Decoder EEMS BEE Y
(e_g_’ GPT) Interaction

HumanrAl

— . -
Interaction

Conversational Al
(e.g., ChatGPT)



| 26 02 9YyIlIo0fS xAaAzy

AWe need to build @romptableinterface with two important
properties:

APromptablefor in-context learningInstead of finetuning the model
parameters, simply providing some contexts will make the mpadsgit

Alnteractive for useiffriendly interface multi-round of interaction between
human and Ais important to finish complicated tasks.




In-Context Learning for Vision

AVisual Prompting via Image Inpainting:
A Concatenaten-context sample with query into a single image
A Ask model tanpaintthe missed part of the image grid

Concatenate
into single

Example Example

Edge detection

Inpainting Segmentation Style transfer



In-Context Learning for Vision

ASegGPSegment Everything as-@aontext learning

o
b ’ ~‘ -

all the spers

5 AT

objects in a video




Interactive Interface for Vision

ASAM:Segment Anything
A Promptablesegmentation

valid mask valid mask annotate
t | !

lightweight mask decoder model data
T L o e
model
1 image Segment Anything 1B (SA-1B):
— — encoder
Tr— * 1+ billion masks = e
- prompt * 11 million images "
e ° cat with encoder i dé_ $ Su\
o black ears ‘ ‘ * privacy respecting k Q w‘ ]
T ] T « licensed images k ]
segmentation prompt prompt image
(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)
‘69—- mask decoder
image
encoder T l T
/ conv prompt encoder
image T T 1 T
embedding mask  points box text

valid masks



Interactive Interface for Vision
ASAM:Segment Anything

Text Prompt: Bench Grounded-SAM Output Stable-Diffusion Inpainting
A Sofa, high quality, detailed

[ SAM for Medical Images |

1 =) ( D= ’ H&E stained ' T
Imaging CT MRI | ~ Colonoscopy . . . Others
- R histological sections B
Multi-phase liver tumor Organ [146] Multi-organ ; A Tumor [149] : 301, [32], [36], [37], [151] T : . ; :
4 % > B trati . Polyp segmentation , [32], [36], [37], umor segmentation Skin cancer  Cell segmentation [158] Robotic surge GazeSAMI160]
sgmentation[145] | sgmentation sgmentatior | PHMGERON || sogementation | "MPSHTE 341,35, 138], (152, 1153] | Tissue segmentation[156]  scgmentation ~ Gland segmentation (iRt
[157]

[154], [155] Cell nuclei segmentation




Interactive Interface for Vision

ASEENSegment Everything Everywhere all at Once

Cross Style Text+Visual

Panoptic Instance Semantic

Person in blue.

w1

4 Visual Prompts @ : U\ Text Prompt / ‘ ]' Ref Prompt w8 L { Composition U




Interactive Interface for Vision

ASEENSegment Everything Everywhere all at Once

Referring (Frame 0) !

Rﬁef?vrig (Frame 0) BB
» Y, .
-

g T -
;'ﬂ:vf,_,>

Referring (?

Frame 50

Frame 2

Frame 300




