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Think Again about Transformer
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Think Again about Transformer
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Cross Attention
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Masked Attention
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Image-specific Inductive bias

“We note that Vision Transformer has much less image-specific inductive bias than CNNs. In CNNs, locality, two-
dimensional neighborhood structure, and translation equivariance are baked into each layer throughout the whole
model. In ViT, only MLP layers are local and translationally equivariant, while the self-attention layers are global. ”
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Positional embedding in NLP Transformer and ViT
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Think Again about Transformer
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Think Again about Transformer

B We chose this function because we hypothesized it
would allow the model to easily learn to attend by
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ViT: Learnable Positional Embedding

self.pos_embedding = nn.Parameter(torch.randn(1, num_patches+1, dim))
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Meta architecture
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Meta architecture
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Meta architecture
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1. Strong Representations
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1. Strong Representations
Knowledge distillation
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Figure 2: Our distillation procedure: we simply include a new distillation token.
It interacts with the class and patch tokens through the self-attention layers.
This distillation token is employed in a similar fashion as the class token, ex-
cept that on output of the network its objective is to reproduce the (hard) label
predicted by the teacher, instead of true label. Both the class and distillation
tokens input to the transformers are learned by back-propagation.

Touvron, H., Cord, M., Douze, M., Massa, F., Sablayrolles, A., Jégou, H., 2021. Training data-efficient image transformers & distillation through

attention.



1. Strong Representations
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1. Strong Representations
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1. Strong Representations
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2. Interaction design in Decoder
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Interaction Design in Decoder

message token

“— Spatial-Temporal Cross-Attention Design IFC

Object Query o '[]" Refined Object Query
i 'm [CLS]

:5.«[ o1
It it el [t [Box]

Backbone 15, it
— ‘ T
275
Neck \

(a) Meta-Architecture



2. Interaction design in Decoder

Deformable DETR o 24 T deformable Attention
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Dai J, Qi H, Xiong Y, et al. Deformable convolutional networks[C]//Proceedings of the IEEE international conference on computer vision. 2017: 764-
773.



2. Interaction design in Decoder

Deformable DETR o 24 T deformable Attention

Attention modules only attend to a small set of key sampling points around a reference.

Query
" inear |
" Linear | i
DETR Deformable DETR A
! " Softmax_|
Sampling Offsets

d _ wey) || | Input Feature Map ﬂ II I] Attention Weight

o~ >
= T

Reference Point
i

NN ey

Linear

l i E
key MK BSM, BNESHEE ____) 0 ﬂ

key BEMMIE: RENBZFIEE

i

Zhu X, Su W, Lu L, et al. Deformable DETR: Deformable Transformers for End-to-End Object Detection[C]//International Conference on
Learning Representations. 2020.



2. Interaction design in Decoder

IFC message token (12, mY] e REWHMXC ~ = $e 1.9 ... T

¥ ' H 1
[ g Transformer J :
Encoder . @ *) ,@
e xNg
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4 4 4
Transformer Transformer Transformer ED:DOO
\ g Encoder Encoder Encoder ))
T

XND

Transformer
Decoder
[Fm™

Encoder output Object queries

______________________________________________________________________

Figure 1: Overview of IFC framework. Our transformer encoder block has two components: 1)
Encode-Receive (£) simultaneously encodes frame tokens and memory tokens. 2) Only memory
tokens pass Gather-Communicate (G) to perform communications between frames. The outputs from
the stack of Ng encoder blocks goes into two modules, spatial decoder and transformer decoder, to
generate segmentation masks.

Hwang S, Heo M, Oh S W, et al. Video instance segmentation using inter-frame communication transformers[J]. Advances in Neural
Information Processing Systems, 2021, 34: 13352-13363.



3. Object Query

Adding Position Information
: Anchor DETR

Optimizing Object Query

denoising loss
- —— Mask DINO

referring segmentation

| —— VLT
N0)o[led@llSTa'A—— Conditional Query Fusion — ,
few shot segmentation
— ~——— CyCTR
- Using Query for Linking Multi-Tasks —————— X-Decoder

Object Query le' I"ljl Refined Object Query
1 :-: _~[CLS]

1 oD 1
ID: " [Box]

Backbone = - S =a _
X [Mask]
Neck \

(a) Meta-Architecture



3. Object Query

X-decoder

[ Pixel-Level Outputs] Qp
T 1 T

QS

Image
Features

Semantic Outputs

Image Encoder

1 Q"

Image Text

O T 1 1
T 1 i) ) T
Latent Queries Text Queries Qt

Figure 2. Overall pipeline for our model. It consists of an image encoder,

a text encoder and our own designed X-Decoder.

RHXW><3

Input image I € ,image encoder Enc; => features Z € R W

Textual query T , text encoder Encr => Q* = <qf, 000 qfl>

Latent queries Qh = <q{‘, S q,’7’1> are fed to our X-Decoder to predict the outputs:

(07,0%) = XDec((Q", Q"); )
where OP and O° are the pixel-level masks and token-level semantics, respectively

Latent queries: m learnable queries, the last latent query to extract the global
image representation and the remaining for generic segmentation

Q"7 7 = Q"
) The last valid token feature of Qt from the text encoder to represent a text as (jt Self-attention mask
* Image-text Retrieval The last entry in O derived from X-Decoder as 6° " O
ST AT B pairs of features <(jf, 6‘;>il for a minibatch of B image-text pairs |
TT 1 ° Dot-product between these B x B feature pairs => affinity matrix S;; € R5*5 — BN

Q"
Image

1 t
Features Text Q

(c) Image-Text Retrieval

Compute the bidirectional cross-entropy loss:

where y,, are the class labels corresponding to diagonal entries in S

]

Lit = CE(Sy,y;;) + CE (Sg;v yz't) O | O

(a) Seg + Ret

Zou X, Dou Z Y, Yang J, et al. Generalized decoding for pixel, image, and language[C]//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2023: 15116-15127.



3. Object Query

* Generic segmentation

[ Pixel-Level Outputs ]Qp

[ Semantic Outputs ]4 0s
11 1
Q" 0!
Image

Features Text

(a) Generic Segmentation

Mask classification

0 K V
Self attention 0", Q", Q"= QW
0 K V

Cross attention Q", Z, Z = OF°
Sigmoid(é\s ZT) = 0P, m — 1-]~instance mask

Bipartite Matching (Hungarian algorithm)

Encode all C class names including "background" into C' text queries
Take the last valid token feature from each to represent the concept

Use the first (m — 1) query in O° to compute the dot-product

Between these outputs and concept embeddings => affinity matrix S € R

Compute the loss L.s = CE(S.s,y,,), With the ground-truth class y .,

Semantic Seg: combine the instance seg output and class label

(m—-1)xC

(a) Seg + Ret

Self-attention mask



3. Object Query

e Referring Segmentation

( Pixel-Level Outputs ] Qp

[ Semantic Outputs ]< s
A A T
_)
T 7T T T 7 T
Latent Queries l Text Queries Qt
[ | [ | [ |
Q h Text Encoder
Image 0
Features Text

(b) Referring Segmentation

Q

Conditional Self attention

0 KV
Cross attention Q") 7, Z = 0°

Sigmoid(é\s ZT) = 0P,

Bipartite Matching (Hungarian algorithm)

Other than the text used as a condition, everything
else is the same as generic segmentation.

K

\Y

Qh, < Qh, Qt>, < Qh, Qt> — th

m — 1)~ instance mask

Self-attention mask

|| || . .O ||
P
~
o \
L 1
.
. o

.................. Sa- Secmctbocnnsbonnns P ——

(b) Referring Segmentation



3. Object Query

* Image Captioning/VQA
0 K %
Conditional Self attention QfY, < Q", Qt>, < Q", Qt>= QW

Q ¥ | Semantic Outputs [«
. [] O Self-attention mask
ff *  ft t 1 L] 8 S . .
Latent Queries Text Queries Qt D SFES UL Image Captlon
T 1 —— O O © B O
h Text Encoder (c) Image Captioning
Image
Features Text 0 KV
(d) Image Captioning/VQA Cross attention Qh’, Z, Z = 0°

The caption prediction follows a causal masking strategy while VQA use the last query in O° to
predict the answer for VQA.

All types of tasks are trained together, with the distinction lying solely in the combination of different
modules and computation methods.



FUTURE DIRECTIONS

Future directions

Robot navigation
General and Unified Image/Video Segmentation
Self-driving cars

Vision and language
Joint Learning with Multi-Modality

Other modalities

Self-driving vehicles
Life-Long Learning for Segmentation
Medical diagnoses

Long-term memory design
Long Video Segmentation in Dynamic Scenes Heavy occlusion

Various scene inputs, domain robustness
Generative Segmentation Need a simpler training pipeline

The connections between objects in the

Segmentation with Visual Reasoning scene






