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Recurrent Networks: Motivation and Introduction
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* RNN

e LSTM
Applications
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e Convolutional LSTM
* Social LSTM
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From Static Data to Sequential Data

= Videos as a sequence of frames / shots
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From Static Data to Sequential Data

= Stock price

Compare: Add Dow Jones Nasdaq SSNNF AMD IGNMF AMBA TXN MSFT  more »
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From Static Data to Sequential Data

= Predict rainfall

* |nput sequence: observed radar maps up to current time step
* Qutput sequence: predicted radar maps for future time steps

R

Xivr, ooy X = argmax p(Xepr,.. . X | X g1, X gao, .., &)
Xigt.. Xk




From Static Data to Sequential Data

" |mage captioning: generate a sentence to describe the image
semantics

Vision Language A gl'OU-p of peOpIe
Deep CNN Generating Shopplng at an
RNN outdoor market.

->»
O
N @ There are many

vegetables at the
fruit stand.




From Static Data to Sequential Data

Image captioning
Sequence of words in an English sentence

Acoustic features at successive time frames in speech
recognition

Successive frames in video classification

Rainfall measurements on successive days in Hong Kong
Daily values of current exchange rate

Nucleotide base pairs in a strand of DNA

Instead of making independent predictions on samples,
assume the dependency among samples and make a
sequence of decisions for sequential samples

Slides Credit: Prof. Wang Xiaogang



Unfolding Computational Graphs

The classic form of a dynamic system recurrent (definition of
s at time t refers back to

the same definition at

s = f(S(t_l); 0) timet-1)

For a finite number of time steps, unfold the graph via applying
the definition multiple times

s =f(s';0)
=f(f(sV);0);0).

,/""\\ ,/"'\\
v\ T f f fone !
Figure 10.1

Unfolded computational graph. Each node represents the state at some
time t, and the function f maps the state at t to the state at t + 1.



Unfolding Computational Graphs

Adding an external signal

Lossy summary of the task- \

relevant aspects of the past External signal
sequence of inputs

|h()'-> Nh()‘
AN

Flgure 10.2

f Unfold

A recurrent network with no outputs. (left) circuit diagram. The black square
indicates a delay of a single time step. (right) The same network seen as an
unfolded computational graph, where each node is now associated with one
particular time instance.



Remarks on Unfolding Computational Graphs

Always same input / output sizes. Apply to input / output
sequences of variable lengths

The summary is lossy. It maps an arbitrary length sequence to
a fixed length vector.

Share a similar idea with CNN: replacing a fully connected
network with local connections with parameter sharing

—» f\_/
f Unfold

Figure 10.2



Remarks on Unfolding Computational Graphs

= Sharing parameters for any sequence length allows more
better generalization properties. If we have to define a
different function Gt for each possible sequence length, each
with its own parameters, we would not get any
generalization to sequences of a size not seen in the training
set. One would need to see a lot more training examples,
because a separate model would have to be trained for each
sequence length.
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Figure 10.2



RNN with Hidden Units and Supervised Cost Function

" Produce an output at each time step and have recurrent
connections between hidden units

= Assume hyperbolic tangent activation and unnormalized log
probabilities

= Time and memory complexities are O(T)

a) = b+whtb Uz, o

hY = tanh(a®),
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) = softmax(o®)
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Recurrent Through Only the Output

= An alternative without hidden-to-hidden recurrence

= Drawback: the output units are close to the training set
targets, unlikely to capture the necessary information about
the past history of the input

= Advantage: Training can be parallelized. The gradient for each
step t is computed in isolation.




Sequence Input, Single Output

= Time-unfolded recurrent neural network with a single output
at the end of the sequence. Such a network can be used to
summarize a sequence and produce a fixed-size
representation used as input for further processing



Teacher Forcing

= “ ..rather than feeding the
model’s own output back into
itself, these connections
should be fed with the target
values specifying what the
correct output should be.”

©

Train time Test time

Optimization by a maximum
likelihood criterion
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Review Back-Propagation on Deep Networks

= Anatomy of a neuron

- activations

“local gradient”




Review Back-Propagation on Deep Networks

= Anatomy of a neuron

-] activations
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“local gradient”
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Review Back-Propagation on Deep Networks

Forward Pass Backward
(bottom to top, calculate objective (top to bottom, calculate gradient
values on top layer) and update parameters)

(x,w)



Back-Propagation (BP) on RNN

= No specialized algorithms are necessary. Directly apply BP to
unrolled computational graph.

» Back-propagation through time (BPTT)

a) = b+wWht D 4 Uz®,
h® = tanh(a®),

o = c+VhW®,

g = softmax(o®)
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Back-Propagation (BP) on RNN
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Back-Propagation (BP) on RNN
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Back-Propagation (BP) on RNN
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Generative RNN modeling P(Xq,...,XT)

@ It can generate sequences from this distribution
@ At the training stage, each x; of the observed sequence serves both as input (for the
current time step) and as target (for the previous time step)

@ The output z; encodes the parameters of a conditional distribution
P(Xtiq|Xq,...,X%t) = P(X¢y1|2¢) for X¢, 1 given the past sequence X4, ..., X;

Slides Credit: Prof. Wang Xiaogang



Generative RNN modeling P(Xq,...,XT)

@ Cost function: negative log-likelihood of X, L = >, ¢

.
P(x) = P(X1,...,Xr) = HP(der—n---,Xﬂ
t=1

Lf: —|OgP(Xt|xt_1,...,x1)

@ In generative mode, X; 1 is sampled from the conditional distribution

P(X¢11]X1,...,Xt) = P(X¢;+1|2¢) (dashed arrows) and then that generated sample X;. 1 is
fed back as input for computing the next state h;

Slides Credit: Prof. Wang Xiaogang



Generative RNN modeling P(Xq,...,XT)

@ If RNN is used to generate sequences, one must also incorporate in the output
information allowing to stochastically decide when to stop generating new output

elements

@ In the case when the output is a symbol taken from a vocabulary, one can add a
special symbol corresponding to the end of a sequence

@ One could also directly directly model the length T of the sequence through
some parametric distribution. P(xy,...,Xr) is decomposed into

P(x1,...,x7) = P(Xq,...,x7|T)P(T)

Slides Credit: Prof. Wang Xiaogang



Bidirectional RNN

In many applications, however, we want to output a
prediction that may depend on the whole input sequence.

For example, in speech recognition, the
correct interpretation of the current sound
as a phoneme may depend on the next
few phonemes because of co-articulation
and may even depend on the next few
words because of the linguistic
dependencies between nearby words:

if there are two interpretations of the
current word that are both acoustically
plausible, we may have to look far into the
future (and the past) to disambiguate them.

This is also true of handwriting recognition
and many other sequence-to-sequence
learning tasks




Bidirectional RNN

= Bidirectional recurrent neural network was proposed to
address such need. It combines a forward-going RNN and a
backward-going RNN

The idea can be extended to 2D
input with four RNN going in four
directions




Sequence-to-Sequence Architecture

" map an input sequence to an output sequence which is not
necessarily of the same length

= speech recognition, machine translation, question answering

4 Encoder A
An encoder or reader or input RNN O"Oh TN
processes the input sequence. The encoder
emits the context C, usually as a simple
function of its final hidden state. .
e ™
A decoder or writer or output RNN is v v De""dfi!\ v
conditioned on that fixed-length vector N
to generate the output sequence ,'i\ - .




= We can think
of the lower layers in
the hierarchy as
playing a role
in transforming the
raw input into a
representation that is
more appropriate, at
the higher levels of the
hidden state.

Deep RNNs
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The Challenge of Long Term Dependencies
= Gradients propagated over many stages tend to either vanish

(most of the time) or explode (rarely, but with much damage
to the optimization)

= Let us consider a simple case

h(t) = WTh(t_l) No input, no nonlinear activation
Rt — (Wt)T R0
W — QAQT Eigen-decomposition

h) = QT AtQRWY)

eigenvalues with magnitude less than one to decay to zero and
eigenvalues with magnitude greater than one to explode



The Challenge of Long Term Dependencies
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Figure 10.15: Repeated function composition. When composing many nonlinear functions
(like the linear-tanh layer shown here), the result is highly nonlinear, typically with most
of the values associated with a tiny derivative, some values with a large derivative, and
many alternations between increasing and decreasing. Here, we plot a linear projection of
a 100-dimensional hidden state down to a single dimension, plotted on the y-axis. The
x-axis is the coordinate of the initial state along a random direction in the 100-dimensional
space. We can thus view this plot as a linear cross-section of a high-dimensional function.
The plots show the function after each time step, or equivalently, after each number of
times the transition function has been composed.



The Challenge of Long Term Dependencies

@ Consider the gradient of a loss Ly at time T with respect to the parameter 6 of the recurrent
function Fy
ht = Fo(hi—1,Xt)
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Slides Credit: Prof. Wang Xiaogang



The Challenge of Long Term Dependencies

dhr  Ohr Ohr_y  Ohps

oh;, ~ ohr_i dhr_o  Oh;

@ Each layer-wise Jacobian 2 ”‘ is the product of two matrices: (a) the recurrent
matrix W and (b) the dlagonal matrix whose entries are the derivatives of the
non-linearities associated with the hidden units, which variy depending on the
time step. This makes it likely that successive Jacobians have simliar
eigenvectors, making the product of these Jacobians explode or vanish even
faster

Q BLT is a weighted sum of terms over spans T — t, with weights that are
exponenhally smaller (or larger) for long-term dependencies relating the state at
ttothestateat T

@ The signal about long term dependecies will tend to be hidden by the smallest
fluctuations arising from short-term dependenties

Slides Credit: Prof. Wang Xiaogang



Combine Short and Long Paths in Unfolded Flow Graph

@ Longer-delay connections allow to connect the past states to future states through short
paths

@ Gradients will vanish exponentially with respect to the number of time steps

@ If we have recurrent connections with a time-delay of D, the instead of the vanishing or
explosion going as O(\T) over T steps (where \ is largest eigenvalue of the Jacobians

%), the unfolded recurrent network now has paths through which gradients grow as

O(\T/P) because the number of effective steps is T/D

unfold
W,

Slides Credit: Prof. Wang Xiaogang



Leaky units with self-connections

1 1
I I

@ The new value of the state h;, 1 is a combination of linear and non-linear parts of h;
@ The errors are easier to be back propagated through the paths of red lines, which are linear

Z, z Ziy

1-1/1 . - -
h, h -/t [h, 1-Vz  |hyy 1-11

—>
W,

Xi 4 X¢ Xis1

Slides Credit: Prof. Wang Xiaogang



Leaky units with self-connections

When 7 = 1, there is no linear self-recurrence, only the nonlinear update which
we can find in ordinary recurrent networks

When 7 > 1, this linear recurrence allows gradients to propagate more easily.
When 7 is large, the sate changes very slowly, integrating the past values
associated with the input sequence

T controls the rate of forgetting old states. It can be viewed as a smooth variant
of the idea of the previous model

By associating different time scales 7 with different units, one obtains different
paths corresponding to different forgetting rates

Those time constants can be fixed manually or can be learned as free
parameters

Slides Credit: Prof. Wang Xiaogang



Long Short-Term Memory (LSTM)

= Sometimes, recent information is not sufficient. We need
long-term dependencies

“the clouds are in the sky,”

& ®&® O
r 1t 1 1
A > > A — A

“I grew up in France... | speak fluent French.”
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Long Short-Term Memory (LSTM)

In the leaky units with self-connections, the forgetting rate is constant during the
whole sequence.

The role of leaky units is to accumulate information over a long duration.
However, once that information gets used, it might be useful for the neural
network to forget the old state.
» For example, if a video sequence is composed as subsequences corresponding to
different actions, we want a leaky unit to accumulate evidence inside each

subsequnece, and we need a mechanism to forget the old state by setting it to zero
and starting to count from fresh when starting to process the next subsequence

The forgetting rates are expected to be different at different time steps,
depending on their previous hidden sates and current input (conditioning the
forgetting on the context)

Parameters controlling the forgetting rates are learned from train data

Slides Credit: Prof. Wang Xiaogang



Long Short-Term Memory (LSTM)

= Cell state C, hidden state h, input x, output o

A A

~ N N
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anh>
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— | | 1 J >
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Neural Network Pointwise Vector

Layer Operation Transfer Concatenate Copy

http://colah.github.io/posts/2015-08-Understanding-LSTMs/



Long Short-Term Memory (LSTM)

= The principal to update the cell state at a new moment

Cy_1 Ct

L — b

1

Forget gate Input gate

Cy = fi xCi_1 + 1 x Cy
e f T
Updated cell state “Proposed” cell state
Previous cell state



Long Short-Term Memory (LSTM)

= Forget gate

ft



Long Short-Term Memory (LSTM)

= “proposed” cell state

it =0 (Wi-lhi—1, 2] + b;)
ét :tanh(WC'[ht_l,CCt] + bc)



Long Short-Term Memory (LSTM)

= Qutput gate

o =0 Wy [hi—1,2¢] + bo)
hy = o; * tanh (C})



Long Short-Term Memory (LSTM)

= Review the updating formula

1

Forget gate Input gate

Cy = fi xCi_1 + 1 x Cy
e f T
Updated cell state “Proposed” cell state
Previous cell state



Show and Tell: A Neural Image Caption Generator

Oriol Vinyals
Google

vinyals@google.com

Alexander Toshev
Google

toshevl@google.com

O

Deep CNN Generating

—>

RNN

o1

Samy Bengio Dumitru Erhan
Google Google
bengiolgoogle.com dumitru@google.com
T Language | |A group of people

shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.




6* = arg max Z logp(S|I;0)

logp(S|I) =

Zlogp (Sel 1, So, - -

t=0
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(1,5)

Image Captioning
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A person riding a
motorcycle on a dirt road.

A group of young people
playing a game of frisbee.

across a dry grass field.

A herd of elephants walking

Results

Two dogs play in the grass. A skateboarder does a trick

on aramp

A dog is jumping to catch a
frisbee.

T ————

A refrigerator filled with lots of

Two hockey players are
food and drinks.

fighting over the puck.
e "N

A close up of a cat laying

A yellow school b rked
on a couch. ye c us pa

“w====in a parking lot.

A red motorcycle parked on the
side of the road.'.":——"!:q
[

— k|

Somewhat related to the image

Figure 5. A selection of evaluation results, grouped by human rating.



Convolutional LSTM for precipitation nowcasting

* |Input sequence: observed radar maps up to current time step
* Qutput sequence: predicted radar maps for future time steps

" "

Xigt, ooy Xy = argmax p(Xeger, .., Xk | X gat, X gao, ooy Xt)
Xitt1ooo Xtk

X. Shi, Z. Chen, H. Wang, D.Y. Yeung, W.K. Wong, and W.C. Woo. Convolutional LSTM network:
A machine learning approach for precipitation nowcasting. NIPS 2015.

Slides Credit: Wai-kin WONG



Convolutional LSTM for precipitation nowcasting

" Encoding-forecasting (encoder-decoder) model

&

]

1l
"

Slides Credit: Wai-kin WONG

Encoding module

Forecasting module




Convolutional LSTM for precipitation nowcasting

Last states and cell outputs of encoding network become initial
states and cell outputs of forecasting network

Encoding network compresses the input sequence into a
hidden state tensor

Forecasting network unfolds the hidden state tensor to make
prediction

Encoding Network

ConvLST M,

ConvLST M,

Input / _0’ / Forecasting Network

Slides Credit: Wai-kin WONG



Convolutional LSTM for precipitation nowcasting

ConvLSTM network:
— 2 ConvLSTM layers, each with 64 units and 3 x 3 kernels

Fully connected LSTM (FC-LSTM) network:
— 2 FC-LSTM layers, each with 2000 units

ROVER:

— Optical flow estimation

— 3variants (ROVER1, ROVER2, ROVER3) based on different initialization
schemes

Slides Credit: Wai-kin WONG



Convolutional LSTM for precipitation nowcasting

7000
N
L —ConvLSTM
_.6000 [}
2 i) ---FC-LSTM
£ "i"". the loss of entropy for
L5000 ConvLSTM decreases
§ faster than FC-LSTM across
%4000 all the data cases
o
%’ =>» a better matching with
3000 | training datasets
2000 ' ' ' ' ' ' |
1 2 3 4 5 6 7
Data Cases «10°

Slides Credit: Wai-kin WONG



Convolutional LSTM for precipitation nowcasting

* Radar location (HK) at center (~ 250 km in x- and y- directions)

* 5input frames are used and a total of 15 frames (i.e. T+90 min)
in forecasts

30 min ’ ” ’ ,l v ’71,., ’7.'3 ’7v,~ '7.. 7
I rry T
. -

> "l . U L AGE di AdR e B TS AT o b

-t o; ‘:1 .: _ J' 7“ e L I<ddlliAa
SAAAA
..l.. Ad4aldld

90 min

At= 18 min

Slides Credit: Wai-kin WONG



Convolutional LSTM for precipitation nowcasting

30 min

Input frames

90 min

ConvLSTM

ROVER2




Social LSTM:
Human Trajectory Prediction in Crowded Spaces

Alexandre Alahi*, Kratarth Goel; Vignesh Ramanathan, Alexandre Robicquet, Li Fei-Fei, Silvio Savarese
Stanford University

{alahi,kratarth,vigneshr,arobicqu,feifeili,ssilvio}@cs.stanford.edu

The goal of this paper is to predict the
motion dynamics in crowded scenes -
This is, however, a challenging task as
the motion of each person is typically
affected by their neighbors.

We propose a new model which we
call ”Social” LSTM (SocialLSTM) which
can jointly predict the paths of all the
people in a scene by taking into
account the common sense rules and
social conventions that humans
typically utilize as they navigate in
shared environments. The predicted
distribution of their future trajectories
is shown in the heat-map.
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Soft Attention for Translation

= Bahdanau et al, “Neural Machine Translation by Jointly Learning to
Align and Translate”, ICLR 2015

many to many

“I love coffee” -> “Me gusta el café” M

Base on c¢s231n by Fei-Fei Li et al.




Soft Attention for Translation

= Bahdanau et al, “Neural Machine Translation by Jointly Learning to
Align and Translate”, ICLR 2015

Distribution over input
words

AN
Ve ~ many to many

I|| t ot

“I love coffee” -> “Me gusta el café” M

\_/ 1R

Base on c¢s231n by Fei-Fei Li et al.




Soft Attention for Translation

= Bahdanau et al, “Neural Machine Translation by Jointly Learning to
Align and Translate”, ICLR 2015

Distribution over input
words

Ve A ~ many to many

]I| t ot

“I love coffee” -> “Me gusta el café” M

\_/ I

Base on c¢s231n by Fei-Fei Li et al.




Soft Attention for Translation

= Bahdanau et al, “Neural Machine Translation by Jointly Learning to
Align and Translate”, ICLR 2015

Distribution over input
words

AN
Ve ~N many to many

. NN

“I love coffee” -> “Me gusta el café” M

N I

Base on c¢s231n by Fei-Fei Li et al.




Soft Attention for Translation

= Bahdanau et al, “Neural Machine Translation by Jointly Learning to
Align and Translate”, ICLR 2015

Distribution over input
words

Ve A ~ many to many

1l R

“I love coffee” -> “Me gusta el café” M

'\/ t ot ot

Base on c¢s231n by Fei-Fei Li et al.




Soft Attention for Translation

= Bahdanau et al, “Neural Machine Translation by Jointly Learning to
Align and Translate”, ICLR 2015
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Show, Attend and Tell

14x14 Feature Map

1.Input 2. Convolutional 3. RNN with attention 4. Word by
Image Feature Extraction over the image word
flying

generation
J
- aneﬂ
; ! 'ﬂdmg

Xu et al., Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, 2016




RNN for Captioning

Weights over L
locations Distribution
over vocab

a0 do
Features: D
LxD
Image:
HxWx3 Sum over
locations 20 x0

\ S— Init  First

Weighted features word
features: D



RNN for Captioning

Weights over L
locations I “ "
bird over

Features:
LxD
Image:

HxWx3 Sum over
locations

< t I’t> nb- du
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The Transformer — Self-Attention Layer
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The Transformer — Self-Attention Layer
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Attention Implementation with matrices

* Transformer networks have extreme parallelism by
using matrices to hold all the vectors in the

network: Scaled Dot-Product Attention
Q = matrix of all query vectors (as rows)
K = matrix of all keys (as rows) )
V = matrix of all values (as rows) MatMul
* The row index is the position in the sequence. Sl e
)
* The entire attention operation can be computed as MaSk*(Opt')
a single matrix formula as: Sealo
. OKT
Attention(Q, K, V') = softmax( 1% MatMul
Vi T 1
Q K V

where the softmax is applied across rows (not
columns).
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Multi-Headed Attention

« Standard attention allows each location to attend with a
single weight/value embedding to another location.

*  We can extend this with “multi-headed” attention by
breaking inputs and outputs into ranges, and applying
different embeddings for each range.

t
« The figure to the right shows h heads. Linear

3

Concat

A

[
Scaled Dot-Product Ji h
Attention ~

tl | |

I [ I -
Linear Linear Linear

- 7 7




Multi-Headed Attention
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Transformer Encoder

- Basic unit shown at right.

{

1 N\
~—>| Add & Norm |
Feed

(

- The input is a sequence of symbols at the

bottom. ronward
) S
. ngn NX
- Because different positions are encoded T
as matrices, Attention
its common not to show the sequence WV 9
positions. Positional S
Encoding X
. Input
* Multiple layers can be stacked. Embedding

Inputs

NG UNIVERSITY



The Transformer Encoder/Decoder

Basic unit shown at right.

Now there is both and encoder with self-
attention,

and a decoder with both masked self-
attention and

cross-attention.

In experiments, stacked with N=6.

Inputs and outputs are embedded in vector
spaces of fixed dimension.

Positional encoding: when words are
combined

through attention, their location is lost.
Positional encoding adds it back.

4 )

Output
Probabilities

-
Add & Norm )

Feed
Forward

| Add & Norm |::

|
actelitahlei Mult-Head
Feed Attention
Forward V ) } Q Nx
—
Nix Add & Norm
f_>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
\') 1t JQ
A K9 vrKE—J
Positional q Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Jez k¥
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Transformer: “Attention is All You Need”

meeti a comrade

RUREN

p(t1|z)p(te|x, ¥1) p(tslz, t1,t2)

encoder output -
feed-forward
ﬁ } 4 }
feed-forward Il x6 attention
- X6 masked
self-attention self-attention
input layer input layer
Ha npennocne,u.l-leﬁ CTaHUunK <start>

encoder decoder
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. An Image is Worth 16x16 Words: Transformers for
VlT Image Recognition at Scale

Vision Transformer (ViT) Transformer Encoder

]
|
MLP :
- |
Head : MLP ]
! I
Transformer Encoder : [ ek I
L | ~-—
P e - @) @) @15 é‘ @15 |
* Extra Icnrnablc_ 1
Cclass| empe mng L P fFl dP h
[class] embedding [ inear rolectlono attened Patches : 4_?_’
% H . | | | | | | I Norm
mm&—-il .' |
m w E [ Embedded
' ' Patches

Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of them,
add position embeddings, and feed the resulting sequence of vectors to a standard Transformer
encoder. In order to perform classification, we use the standard approach of adding an extra learnable
“classification token” to the sequence. The illustration of the Transformer encoder was inspired by
Vaswani et al. (2017).
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DETR (Detection Transformer)

* Global reasoning via attention

* anchors or hand crafted algorithms like NMS are not needed

__________________________________

| I
backbone ! encoder
set of image features::

FFN

FFN |
transformer

decoder

SeTeTaRe) A

transformer
encoder

FFN >

FFN

Fig.2: DETR uses a conventional CNN backbone to learn a 2D representation of an
input image. The model flattens it and supplements it with a positional encoding before
passing it into a transformer encoder. A transformer decoder then takes as input a
small fixed number of learned positional embeddings, which we call object queries, and
additionally attends to the encoder output. We pass each output embedding of the
decoder to a shared feed forward network (FFN) that predicts either a detection (class
and bounding box) or a “no object” class.
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DETR (Detection Transformer)

* Encoder-decoder
architecture

* decode the N objects in
parallel at each decoder
layer

Class Bounding Box

A A
FFN FFN
T A
Decoder
T !
] ]
N Add & Norm !
: 4 :
: FFN :
1 ‘ 1
Encoder : L :
R EELE EEEEEEEEEN L Add & Norm !
i * : 1 1
i e Add & Norm ! . 1 :
! ) , ! Multi-Head Attention !
1 : 1 vT K ) 1
: FFN " : ! )é !
1 A 1 T $‘ :
1 1 : 1 I i
v Add & Norm ' VP Add & Norm X
1 1 1
: t N £ :
: Multi-Head Self-Attention : : Multi-Head Self-Attention :
' VA K Q : X VA K 0 !
1 1 ! 1
i : i n
I ! ! ' I ! !
1 r 1

------------------

CHEENE)

Object queries

) Ak 7K
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DETR (Detection Transformer)

* set prediction loss

Let us denote by y the ground truth set of objects, and § = {’E}z}?:1 the
set of N predictions. Assuming N is larger than the number of objects in the
image, we consider y also as a set of size N padded with @ (no object). To find

a bipartite matching between these two sets we search for a permutation of N
elements o € G with the lowest cost:

_[NT
0 = argmin Z Lmateh (Yis 3;'5(:')): (1)
geESy
N A
.ACHuilgal'iall(ys ?}) - Z [_ ]'Og ﬁfr(i) (Ci) + ]]-{cf#@}'cbox(bi: b& (@))]
i=1

O O
(——0) i)

Maximum five people can get jobs
Appliosnss ol (Maximum Matching)
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SwinTransformer (Shifted Window Transformer)

hierarchical feature maps and shifted window MSA

segmentation :' ar® “. ; 21D \‘l
classification  detection ... ' vl !
? | | MLP Vol | MLP :
Layer | Layer 1+1 . vl '
I 1
P s 7 16x ! LN ! : LN !
= : X X ' A 1
A 1
7 A local window t.o Vgl <>4 : ! zl+1<>4 .
= R perform self-attention : | . :
Pp=m — t{W-MSA| | v | ) [SW-MSA| |
e ] 1 ' 1
A patch : . ] '
T = » | LN vl N .
< = _—rjg,z/; Z 4x :\ Y : " T ’:
(a) Swin Transformer (b) Shifted Window (c) Two Successive Swin Transformer Blocks
H W H H, W H W
T X x48 T X7 xC 3 Xgx2C 35 X 33 X8C
. Stage 1 “\ ! Stage 2 s Stage 3 N Stage 4 A
1 1 11 1
v [ N 4 N r N 4 AY
gl ' |.E ! 60 L 11 | e !
ol | ! = 1| g =
HxWx3 i=0 B = ] 1| B _ 11 | B : : o - :
2l | 2 Swin 1| B Swin i | 5 Swin | B Swin .
Images P £ —:—) E] —»| Transformer —IL:) = PP Transformer —:—:) = PP Transformer | = | Transformer P>
Sl | 5 Block i1 | Block - 4"‘:3 Block : 115 Block :
=3 Q 1! = 1 | = I ' & 1
Al o = 1| A | A . : A~ 1
1
o Bl BN J \. J \. J i \. J
\s _______ X _2_ - l' \\ _______ X _2_ - f’ \N ______ >£6_ - —l' ‘\h —————— ><_2_ - "
(d) Architecture

ez XY
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SwinTransformer (Shifted Window Transformer)

Window-based MSA Shifted Window MSA

Attention for each patch is only computed within its own window (drawn in red).
Window size is 2x2 in this example.

Step 1: Shift window by a factor of M/2, where M = window size

Jez k¥
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Presenter Notes
Presentation Notes
https://towardsdatascience.com/a-comprehensive-guide-to-swin-transformer-64965f89d14c


Retrospect of Transformer and RNN

Training Inference
Slow...
Transformers (scales quadratically with sequence length)
Slow... Fast!
RNNs (not parallelizable)

these are what we expect for an |deal model !
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