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Curriculum Vitae

Speaker Name: Sangkyun Lee, Ph.D.

» Personal Info

Name Sangkyun Lee
Title Associate professor
Affiliation Korea University

P Contact Information

Address 145, Anam-ro, Seongbuk-gu, Seoul, 02841, Korea
Email sangkyun@korea.ac.kr

Phone Number  02-3290-4890

Research Interest

Secure Al, Al model compression, XAl, Al for Security

Educational Experience

2003 B.S., Seoul National University
2005 M.S., Seoul National University
2011 Ph.D., University of Wisconsin-Madison, USA

Professional Experience

2011-2014 Post-doc Researcher, SFB 876, TU Dortmund University, Germany

2015-2017 Principal Investigator, SFB 876, TU Dortmund University, Germany

2017-2019 Assistant Professor, Department of Computer Science, Hanyang University ERICA
2020-2021 Assistant Professor, School of Cybersecurity, Korea University

2022-current Associate Professor, School of Cybersecurity, Korea University

Selected Publications (5 maximum)

1. Anomaly Candidate Extraction and Detection for Automatic Quality Inspection of Metal
Casting Products using High-Resolution Images, Byeonggil Jung, Heegon You, Sangkyun Lee,
J. Manuf. Syst., 2023

2. Libra-CAM: An Activation-Based Attribution Based on the Linear Approximation of Deep
Neural Nets and Threshold Calibration, Sangkyun Lee, Sungmin Han, IJCAI, 2022

3. Model Stealing Defense against Exploiting Information Leak Through the Interpretation of
Deep Neural Nets, Jeonghyun Lee, Sungmin Han, Sangkyun Lee, IJCAI, 2022

4. Hunt for Unseen Intrusion: Multi-Head Self-Attention Neural Detector, Seongyun Seo, Sungmin
Han, Janghyeon Park, Shinwoo Shim, Han-Eul Ryu, Byoungmo Cho, and Sangkyun Lee, IEEE
Access, 2021
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Introduction to ML & DNN
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Machine Learning

» Arthur Lee Samuel (1901~1990, 1959)

= A pioneer in Al
= Al: afield of study that gives computers the ability
to learn without being explicitly programmed

= Vladimir Vapnik (1936~)
= The father of ML
= Statistical Learning Theory (Wiley, 1998)




ClajL|

2ed
Example:

MLPs

Example:
Shallow
autoencoders

Machine Learning
| A El 3|4, decision trees, ...

wn
<
=<
b Tl
>

HE Y S5 Representation Learning

£ 21'd Deep Learning
: X} 0f XM2|, computer vision, ...

[Deep Learning, Goodfellow et al., 2016]

Machine Learning

= Tom Mitchell (1997)

“A computer program is said to learn from experience E w.r.t. some
class of tasks T and performance measure P, if its performance at

tasks in T, as measured by P, improves with experience E.”

Task T

Experience E =@ Performance P

= No limitation on the task T

Side: AGlI (Artificial General Intelligence)




Machine Learning

Task T

Experience E = Performance P

Task T Experience E Performance P

+ Classification * Supervised Learning < Training Error

* Regression * Unsupervised Learning * Test Error

* Machine translation « Semi-Supervised * Generalization Error

* Ouitlier detection Self-Supervised

Synthesis * Reinforcement Learning

Experience = Data

= Supervised Learning: X (input), Y (output)
= Unsupervised Learning: X (input), no' Y

= Semi-supervised Learning: (X1,Y1) and X2
= Self-supervised Learning: X 2 (X', Y’)

In Statistical Learning... TP i : independent
Sampling (i.i.d) i.d.: identical distribution

A set consists of m samples

Note:

=  There can be many possible data sets
= We're dealing with just one set of samples Probability distribution
(usually, unknown)




Performance

1 . =
« Training Error (Rate) : error on the training set ] > 1D £ £, (xO)]
ictr
» Test Error (Rate) : error on the test set |t_1t| Z 1y £ £, (x)]
iett

« Generalization Error: error on the all possible data  E(xv) [I[Y #* fw(X)]}

Model Selection

Model selection is a part of
hyper-parameter tuning

* Hold-out method Model A Model B

Train Validation PerfA <———> PerfB

* K-Fold CV (cross validation)
Train \ Perf A Fold 1 Perf B Fold 1
Train \' ‘

PerfAFoldK  PerfB Fold K
Train Avg Perf A <—> Avg Perf B




Generalization & Capacity

— - Training error

Underfitting zone| Overfitting zone ..
I Generallza.tlon error

Error

Optimal Capacity
Capacity

Statistical Learning

A dataset consists of
n samples (x, y)

(Input, Label) Space
Unknown Probability Distribution: D(X,Y)

Predictor
(Hypothesis)

Loss lh: XxY =R e.g. set of linear functions, etc.

h:X—=Y h € H  Hypothesis space




Risk and Empirical Risk

Predict !
s S X Vo
g £ Loss bp: X xY =R

Risk r(h) :== Ex vy~pl[fn(X, Y)]

1 n
Empirical Risk ~ 7(h) := - Zgh(xia)/i)
=4

PAC (Probably Approximately Correct) Learning
PAC Bound : P(|r(h*) —r(h)| <€) >1-¢
i) Finite hypothesis space: |H| = k

8 1 2k
< [ mi \/ = log ==
r(h) < (,I;rélﬂ r(h)) +2 3 log 5

Bias(H) Variance (H) Bias-Variance Tradeoff

i) Infinite hypothesis space: VC(H) = d  Vapnik-Chervonenkis Dimension

() < (min ) +0 <\/ﬂ og 2+ 1 |og§>




PAC (Probably Approximately Correct) Learninaijj

Bias
~ r
hn 7-[ ——>.‘
! h° = argmin r(h)
Yare o (h) hEuniverse
argmin r ,
heH The true Lnechanlsm
can compute, r(h”) =0
|f |nf|n|te data aVailabIe Mere humans can't fathom

- Infinite data required
- Infinite computer required

Bias-Variance Tradeoff

Underfitting zone Overfitting zone

Generalization

Variance

Optimal Capacity
capacity




Overfitting Issue

Underfitting — Overfitting

ML Development Cycle

_____ * Report Test Performance

* Fix hyperparameters
* Retrain on the Train Set




Neuron

Camillo Golgi Santiago Ramén y Cajal e

Nobel prize 1906
Structure of nerve system In Human Brain...

= Neurons: 2f 100¢
= 2F 7000 synapse per neuron
(Total 100 O 4)

Neural Net

Neuron [McCulloch & Pitts, 1943]

= The first computational

—ye{0.1}

model of a neuron

Weight update [_l
| Seihoadl

Error

Perceptron [Rosenblatt, 1957]

Net input
function function

= The first neural net

ADALINE [Widrow & Hoff, 1960]

= Adaptive Linear Element




Perceptron

Inputs Weights Sum Non-linearity

NOICIINCY
n
Activation
function
Bias
broadcasting
MO G
Ao ¢ 1
5 Activation
Xim) Xz(m) e xm) function

MLP (Multi-Layer Perceptron)
DNN (Deep Neural Network) Can use different activation functions

input Hidden Output
Layer Layers Layer

RONORUNG

RONCINC

-10 -



Output Transformation
Regression:
.yeER

Inputs Output
= Usezasitis
0 Z Classification:
,” « V€ {0’ 1}
= Use
1
=o(z) =

N 1+ exp(—2)

X
1

gt

~<

I
E

Output without an activation
Sigmoid function

Called “logit”

Classification:
= ye{l,2,... k}

= Use

Output Transformation

P(y'= i) = R
= i1 ep(2)

Output

Inputs

Softmax(z);

Output without an activation

Called “logit”

-11 -




Activation Functions

Sigmoid
1

U(:IT) = 14e— %

tanh 1
tanh(z) "

RelLU
max (0, x)

Rectifier Linear Unit)

aaaaaaaaa

z
Alternatives to the step function

Leaky ReLU 1
max(0.1z, z)
Maxout

max(wi x + by, wd z + by)

10
I r— 1o
a7 ]

a>0

ELU

{

(Exponential Linear Unit)

T x>0
ae®—-1) z<0

Benefit of Depth

= Solving XOR problem

Original x Space

Learned h Space

ho

= e

T T

o%0
ote

-12 -




Benefit of Depth

Figure 6.5: An intuitive, geometric explanation of the exponential advantage of deeper
rectifier networks formally shown by Pascanu el al. (2014a) and by Montufar et al. (2014).
(Left) An absolute value rectification unit has the same output for every pair of mirror
points in its input. The mirror axis of symmetry is given by the hyperplane defined by the
weights and bias of the unit. A function computed on top of that unit (the green decision
surface) will be a mirror image of a simpler pattern across that axis of symmetry. (Center)
The function can be obtained by folding the space around the axis of symmetry. (Right)
Another repeating pattern can be folded on top of the first (by another downstream unit)
to obtain another symmetry (which is now repeated four times, with two hidden layers).

Training

ZW,'X,')

— G| = %] Prediction
1100001001000001| %y y12 S EY-P!

e Prediction
eaingySet 1000101101000011 % y» 2 s

1000000101010111 2
1110001111000000 6

1110101101000010 Xm Ym 6

Input Features Label (Actual Output)

-13 -



Training = Numerical Optimization

+ Training (&t&): £ X training H|O|E{O| A O|FS XS X|Astsh= XA 7| AEtE

=
o0l E w* = (wy,...,w) 9 S &= 24X

m: Training H|O|E|f ZQIE ==

1 m
w* € argmin J(W) = — > Uy, f(W, %))
W?" i i=1 \
st B Eo| mbato|g £ Loss function
=)

=
il

Q
O
o
=)

2

a]
rr
(%]

oss functionO| CF27| 0|2 ZB%

R —
MOl #=x| z[H3 02|50 o

Training Problem

weRe

min Zf(w; Xi, Yi)
i=1

Task Labels Loss function

Regression ;€ R Uw; x;,yi) = (yi — f(w,x))?

Classification S ) : AR - ;
(Binary yi €{0,1} —Uw;x;,y)=yilogf(w,x)+(1-y)log(l - f(w,x))

K

Classification

(Mu'ti_class) Yi € {1l EE K} _E(w; xf! yf') = E : ’ i=K Iog SO&max(f(w! Xj))k
k=1

-14 -



Likelihood Function

Likelihood

P(01,02,...,0pn;0)

* Joint probability observations under the model

* Probability that the model has generated the observations

* A function in 0

MLE (Maximum Likelihood Estimation)

= A coin toss problem in elementary school:
= Assume a fair dice: P(X=1i) =1/6, i=1,2,...,6
= Toss the dice 10 times, where each toss is independent
» What is the probability of the event, {3,6,1,4,2,2,4,5,6,3}?

» Given the observations: {3,6,1,4,2,2,4,5.6,3}
= What will be a good guess of P(X =1i) ?

- 15 -



MLE (Maximum Likelihood Estimation)

= Given observations: foriondii/, o, )

S (0 ) ‘

(o)
» Likelihood function L(Q) — ]P)(Ol, 02,...,0p; 0)
= Joint probability of observations under the model (parameter: § )

= Probability that the model has generated the observations
= A function in 0

= MLE: find the € that maximizes the likelihood

max L(0) min —LL(0) = —log L(P)

Negative log likelihood (NLL)

= MLE is efficient. given n examples, MLE is the most accurate procedure to estimate the parameters

MLE for Binary Classification

Conditional Bernoulli model of labels:

P = 11X =;w) = o(f(w,x)) =

1 A

1+ exp(—f(w,x;))
P(Y =0|X =x;w) =1-0o(f(w, X))

(Conditional) Log likelihood function: g

n
log P(y1,- .., ¥n|X15- - .y Xn; W) = IogH P(yilxi; w)
i=1

= log [T P(yi = 1] w)"P(y; = Olx;; w)*~

i=1

= Z{y, log o(f(w, x;)) + (1 — yi) log(1 — o(f(w,x:))}

i=1

- 16 -



MLE for Multi-Class Classification

e?
k
j=1

Softmax function:  softmax(z); = o= Lo v i

‘?
e?i

P(Y = k|x) = softmax(f(w, x))«

Log likelihood function:

= |OgH P(y: = ]-'Xf; W)"""=1 ati P(y, = le,-; w)'ty:':K

i=1

n K
=Y " l,—« logsoftmax(f(w, x;))

i=1 k=1

Training Problem (Classification)

max log P(01,02,...,0n;0)

Minimization of Negative Log Likelihood function:

—mein — logP(01,02,...,0n:6)

-17 -



Stochastic Gradient Descent (SGD)

1 m
w* € argmin J(W) = = > Uy, f(W, %))
WER" verti—1

» |nitialize wrandomly
= For N epochs
+ For a random training example  J;(w) = £(y;, f(w, X;))

0Ji(w)

w

« Compute stochastic (sub)gradient of loss:

+ Update w: 3_/,.(W)
AT

i

Learning rate

Mini-Batches

Use a small subset of examples per update, to reduce variance of
gradient estimates

= |Initialize wrandomly
» For N epochs
« For minibatch samples  Ji(w) = {(y;, f(w, X;))

0I(w) 1~ 0i(w)
ow B - ow

1

+ Compute stochastic (sub)gradient of loss:

* Update w:

- 18 -



DNN Objective Functions

Objective functions of DNN are typically nonconvex, with lots of local
minimizers and saddle points

Learning Rate is Important

0J(w)
w=w-—1
ow
How to choose the learning rate?
A 4
J(w) J(w) o
w w

Small learning rate: Many iterations Large learning rate: Overshooting.

until convergence and trapping in

local minima.

- 19 -



Adaptive Learning Rate

Learning rates can be chosen adaptively to:

* How large the gradient is

* How fast learning is happening

» Magnitude of particular weights

Adaptive learning rate algorithms:
ADAM, Momentum, NAG, Adagrad, Adadelta, RMSProp, ...

Adaptive Learning Rate Algorithms

SGD
Momentum
NAG
Adagrad
Adadelta

Ll ey

TR
¢ A
e

0

50

Momentum
NAG

Adagrad
Adadelta

-0.5

— SGD

= Momentum
— NAG

- Adagrad
~— Adadelta
- Rmsprop

-10
~05
0.0 05 1.0

g @EE§EH§11°=J 0| & 2 107
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Regularization to Avoid Overfitting

Dropout: in training, randomly set some activations to zero
+ Typically drop 50% of activations in layers

+ Forces the network not to rely on small set of nodes

Early Stopping:

Accuracy

Test Set Accuracy

Training Set Accurac

Early Stopping
Epoch

Stop here!

Weight regularization

weRn?

1 m
w* € argmin J(w) = pi Zf()/i, f(w, %)) + Alwl3
i=1

Epoch

Dropout [Srivastava et al., 2014]

EoE DS B »

&0 e@’ ofe

(") ®

e

) () 5

X — 5
) &)

Base network

%l

Ox6 ?99.
o © 69 ©
@
6@
©,
o ©

Ensemble of subnetworks

Inexpensive but powerful method
of regularization

Dropout trains the ensemble
consisting of all sub-networks
that can be formed by removing
non-output units from an
underlying base network

In each step of the SGD, a
different binary mask is sampled
to apply to all input and hidden
units

Large networks are preferred to
apply dropout

-21 -



ML / DL Platforms (Python)

= ML : scikit-learn

Paddle
ol (Baidu)
Caffe Caffe2
(UC Berkeley) (Facebook) CNTK
(Microsoft)
Torch PyTorch
(NYU / Facebook) (Facebook) MXNet
(Amazon
Theano ___, TensorFlow L A
(U Montreal) (Google)
And others...
ome-brewed ML / DL toolkits?
42
DL Pipeline in Computers
Server
Main Memory \
9 7
_______ . / \ L T R S —
v
1/0 Bus System Bus
(SATA, NVMe, ...) (PCle, ...) GPU l{ GPU
Cores [f| Mem
Data
(HDD, SSD, SAN, ...) GPU 1 GPU
CPU Cores Mem
GPU ||| GPU
Cores | Mem

=

GPU Card/

-22.




Turing Award 2018

Yoshua Bengio is a Professor at the University of ~ Geoffrey Hinton is VP and Engineering Fellow Yann LeCun is Silver Professor of the Courant
Montreal, and the Scientific Director of both Mila of Google, Chief Scientific Adviser of The Vector Institute of Mathematical Sciences at New York
(Quebec’s Artificial Intelligence Institute) and Institute and a University Professor Emeritus at University, and VP and Chief AI Scientist at
IVADO (the Institute for Data Valorization). He is the University of Toronto. Hinton received a

Facebook. He received a Dipléme d'Ingénieur from

Co-director (with Yann LeCun) of CIFAR’s Learning Bachelor’s degree in experimental psychology the Ecole Superieure d'Ingénieur en

in Machines and Brains program. Bengio received  from Cambridge University and a Doctoral degree  gjectrotechnique et Electronique (ESIEE), and a

a Bachelor’s degree in electrical engineering, a in artificial intelligence from the University of PhD in computer science from Université Pierre et
Master’s degree in computer science and a Edinburgh. He was the founding Director of the Marie Curie.

Doctoral degree in computer science from McGill Neural Computation and Adaptive Perception (later
University. Learning in Machines and Brains) program at
CIFAR.

Q/A
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Convolution

Z'E Filter
(714 Kernel)

Plxel representation of filter

Visualization of a curve detector filter

- 24 -



Convolution

Visualization of the filter on the image

0|00 (0 (O |0 |30
0|0|0 |0 |S0|S0|(S0
0(o0f0 |20(S0(0 |O
0(0(0 |SO|S0(0 |O
0|00 |[S0|S0|0 |O
0|0|0 |SO|(S0(0 |O
0|00 |S0|S0|0 |0

Visualization of the Pixel of the

receptive field field

o|lo|o|o|o|o|o
olo|lo|o|o|o|o
o|lo|lo|o|o|o|o
°|18|8[8|8|°|°
QOOOOOg

Pixel representation of filter

Multiplication and Summation = (50* 30)+(50* 30)+(50* 30)+(20* 30)+(50* 30) = 6600 (A large number!)

Convolution

Visualization of the filter on the image

0 (0|0 (0O |O |0 |O
0 (40|0 (O |O |O |O
40|10 (40)0 (O |O (O
40|20(0 |0 (0 |O (O
0 [So|j0 [0 |O [0 |O
0 [0 |S0(0 |O |0 |O
25|25|0 |S0|0 |O |O

*

Pixel representation of receptive field

o|lo|o|o|o|o|©
QOOOOgO

0
0
30
30
30
30
0

o|lo|lo|o|o|o

Pixel representation of filter

Mulitiplication and Summation=0
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Terminology

32

~ ¢
00007

Y

* Depth: number of filters
* Stride: filter step size (when we “slide” it)

3

* Padding: zero-pad the input

- - -
Convolution (Padding 1, Stride 2)
Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
X{:;5,0) wO[:,:,0 wlf:,:,0]) ofz53y0]}
offoJoJo o o o 0 o -1 10 0 -4
offrj2lo o o o -Ifoffo] -4 [ TR 27 4
o220 0o o o -L[-1]-1 00 -1 I B
012 12412 ik 07 10 wO[:,:,1 wlfz,:,1] ofz,:,1]
1 204 108 i ot 133 11
01 00 2 00 al
01 1 0 1 3 offo] +1 1 21 B g -1 -
o7 (o1 [0 o5 10 [ 2101 LR
%1] w0 22 wl[:,:,2]
oJofoTo o el =1 B
e 15 o] 1 Sl ]
o Emp A0 sk
Ol (O (31 351 2 Y Bias b#(1x1x1) Bias bl (IxIx1)
001 01 0 0 bof:,:,0] bl(:,:,0]
1 0
O N 7718 L
0 0 0 0
:,2]
0 0J6 0 0%
0 02 2 0
2 2.0 0
vl % i [07) (O
2.0 0 0 0
R 24 it O (0
00 00 0
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C luti Padding 1, Stride 2

onvolution (Padding 1, Stride 2)
Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
x[:,:,0) w0[:,:,0 wif:,:,0] of:,:,0])
o ofofofolo o o o -1 0 0 -3E]4
o 1 [2fofo]o o Ifo o | -4 T ST Eil 23 7 i
o 2[2fofo]o o Bl ) (0 Et I 1
O 2 23 27 i (07 0 WOz, 1,1 wifs,:,1) of:,:,1)
0100200 H' 1001 Z) 318
off 15l 651 (07 i@ 16 ofo| o % a7 o7 i
o7 167 105 [0 55 10 S a0 4 4
X[tet wo([: 2 wlfs; 3,2}
o o [o]o]e]o P ol Sl B
o 1 [o]o 0 oL + 2P B
0o 1 [o ohl: U o (10 EL
O (o) {8 28 12 o Bias IxlIx1) Bias bl (Ix1x1)
O [0N R (08 i 0 b0 (¥, :,0] bl[:,:,0]
O () [ 11 2 0 L o
00 0 0
- E R
0 oJofF]e o

—

0 0 2 |2
0 2 [2 0
0 4 i) [ 0 [0
0 200 0 0
0 23 24 g (07 0
0 000 00

- - -

Convolution (Padding 1, Stride 2)

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

x[2,2,0] wo[:,:,0 wlf:,:,0] o[:,:,0]

0 0 0 ofofofo oo 10 0 3

0o 1 2 o [ofofo -ffofo| O | B | 2 7 4

0o 2 2 ofofo]o El E1 Bl 0 0 -l 1 -1

0 23 [24] 25 :I8 [0N [0 wo([:,:,1 Wil Xl ofz:,:,1]

5 51 (05 OF 23 08 10 D 21 (03] =78 1t i

o3 Einl [l (07 i (Ol [O ok fo| +1 1 1 it 70 B 1

o7 [0 (67 1036 (OF (0576 Sl 210 1 4124

x[s,2,1) wo(:, s wif[:7502]

00 0 ofofoyo 2P0 £ 1 &t

o1 0 olfT]oks I 2 ol &

01 0 0 1[0 oo o4 1 &

08 100 (O ¥ 128 08 {9 fas 0 (fkixt) Bias bl (IxIx1)

0 (04 11 (03 1IN [O b0[:/:,0] bl[:,:,0]

o1 111 o 1 i 0

00 0 0 0/0

x[:,:,2]
0 0 0 |0 JoAgo
—
0 0 2|12 0
0 25 2 o o
0 il 318 BN [ON O
0 200 0 0
0 21 23 718 [0 (0
0 00 0 0 0
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- - -

Convolution (Padding 1, Stride 2)

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

x[:,:,0] wo[:,:,0] wil:,:,0 of:,:,0]

00 00000 0 H] =35 1l 4

01 2 T0 0 T-L[-1] -4 ) E7; 24

oz Iz =31 =1 B 0 o -1 T 1 i1

02 |2 wol:

[} [N [ 2

0110100 ol 0 +1

0000000 2. oyt

A 013,2) wl T2

’:s["o"t)] 040 0 SIS 2 B3

0 0 0 1 1] .

o Jofo o ] ] E!

0 §0'40 Bia; (IxIx1)

0 o1 1[:,:,0]

TETR 0

00 0

xl3,202)

0 0

0 0 2

0 2 0

0 1] i 0

0 2 9 0 0

0 DR D3 i [0F [0

0 000 0 0

- - -

Convolution (Padding 1, Stride 2)

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

X[ ::0) w0[:,:,0] wlf:,:,0 of:,:,0]

0000000 0 0 - T 3B 4

OIzoo/r—o”o"/l-l-l 5 [IEnE

o 2[ZJoJoJo o 5Ty [0 21 0 [0 -1 T ET i

0 21221 wO[s,z T ol:,3,1]

o1 PRl = o 7 B 11

o5 19 1% 08 0 (03 [0 00 0 =1 -7@-1

o (G5 105 0T [03 (65 /0 2 1 Lo 1 24 221 4

X[25.5%1] wil: 2

000 00 1

01 0 o1 B2 il e

o 1 [afoqo ot

919 0_| 2 0 Bjasbo (1x1x Bias b1 (IxIx1)

0o 0|1 1 0(:,:, $y35:0]

07 T i 08 [ 0 ! o 0

00 00 0

x[2.2,2])

00 0 0 00

00 0 2

o 121212 0

o 1 [T A]o o

01 0 [0 |90

0 23 23 25 (15 [03 [0)

0000000
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Convolution (Padding 1, Stride 2)
Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
x[:,:,0) w0([:,:,0] wlf:,:,0 of:,:,0]
0000000 00 -1 WE T =
o]zooo’y//l‘l‘l . S s
02 2 ofoJofo 51j BT B 0 o [-1 i El i
02 2 2 |1rjo OM TR of:,:,1]
010 o [Z]ode ;I"’ Bl
ol i 518 [0 ¥ (01 [0 00 0 A1) o« 7 [
0000000 Azl e g 2H 2
{:02,1] wO([:, wll: 272
0000000 e P Y
01 00 140 01 ]
0o 1 0 o [0]T]e 1o JdOE
21 104 104 1L3)|2aR 0NgO 1as b (Ix1x1) Bias b¥{1xIx1)
0 0 1 0 |LAkoJoO bA:,:,0] bUA:,:,0]
o) i O il X 23 O 1 0
0000000
*{3,53:2]
0 00 0 00
0 0 2 2 0
0 2 2 2]
0 11 [T ]oAo
) 2 0 0 [0
0 N il 1o [
0 0000 0
Pooling
Single depth slice
% ol 2 | 4
max pool with 2x2 filters
ORlE6N 7 | '8 and stride 2 6
3 | 2 NG 3|4
1| 2
y
224x224x64

/A A 112x112x64

pool A

Py 1o
1 T
224- WE""
224
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FC (Fully Connected) Layer

32x32x3 image -> stretch to 3072 x 1

input activation
p Wx p
1 ﬂ—»m a0 1[0 I
3072 X 10
weights
1 number:

the result of taking a dot product
between a row of W and the input
(a 3072-dimensional dot product)

Convolution Layer

Filters always extend the full

. depth of the input volume
32x32x3 image /
/ 5x5x3 filter
32 £/
I Convolve the filter with the image
i.e. “slide over the image spatially,
computing dot products”

/£
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Convolution Layer

32x32x3 image
ox5x3 filter w

e
V
——0

E%\
W

™~ 1 number:
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)

wiz +b

Convolution Layer

activation map

32x32x3 image

/
/ 5x5x3 filter
=
o ’>O
convolve (slide) over all

spatial locations

—
=

-31-



Convolution Layer

5x5x3 filter
32
I X6
Convolution Layer
I

We stack these up to get a “new image” of size 28x28x6!

activation maps

w|
o

CNN
/ 32 24

CONV, CONV, CONV,

RelLU RelLU RelLU
eg. 10
5x5x6

28 filters 24
6 10
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Output Size

Output size:
(N - F) / stride + 1

eg.N=7 F=3:
stride1=>(7-3)/1+1=5
stride2=>(7-3)2+1=3
stride 3=>(7-3)/3+1=2.33:\

Output Size with Zero-Padding

e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output? N

7X7 output!
in general, common to see CONV layers with
stride 1, filters of size FxF, and zero-padding with
(F-1)/2. (will preserve size spatially)
e.g. F =3 => zero pad with 1

F = 5 => zero pad with 2

F =7 => zero pad with 3

oO|jlo|o|o| o
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Output Size

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size: ?

Output Size

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size:
(32+2*2-5)/1+1 = 32 spatially, so
32x32x10

-34 -



No. of Parameters

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?

No. of Parameters

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?
each filter has 5*5*3 + 1 = 76 params
=>76*10 =760

-35 -



Spatial Dim & No. Parameters

* Input volume: W1 x H1 x D1 * Output volume: W2 x H2 x D2
* Filter (kernel) * W2 =(W1-F+2P)/S+1

* No of filters K * H2=(H1-F+2P)/S+1

* Spatial extent F e D2=K

e Stride S * With weight sharing,

*  Amount of zero padding P * (FxFxD1)xKweights

* K biases

CNN Architecture

convolution + max pooling
nonlinearity

0000000000 oo o

convolution + pooling layers
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ImageNet Data

= Dataset of 14+ million images of 21,841 categories

- 1206 Granny Smith apples - A ',. il

ILSVRC : ImageNet Large Scale Visual Recognition Challenge

ILSVRC Challenge

= Top 5 error rate:

* Can make 5 guesses to get the correct label

Image classification

Steel dmm I

I
/ ! Scale Scale
: Steel drum T-shirt T-shirt
! Folding chair Steel drum Giant panda
' Loudspeaker Drumstick Drumstick
| Mud turtle Mud turtle
)
I
Ground truth ' Accuracy: 1 Accuracy: 1 Accuracy: 0

uman a_nnotation: binary (“apple” or “not apple”)
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ImageNet Classification Error (Top 5)

0 —
2012 (AlexNet)

2013 (2F)

2014 (VGG) 2014 (GooglLeNet) 2015 (ResNet)

Inception-va

Inception-v3 ‘ ResNet-152 )
ResNet-50 VGG-16 VGG-19

ResNet-101
’ ResNet-34

‘ ResNet-18

°. GoogleNet
ENet

© BN-NIN

BN-AlexNet
55 AlexNet
50

0 5 10

ILSVRC Challenge

Top-1 accuracy (%)
o
&

2

M 35M 65M 95M 125M  155M

15 20 25 30 35 40

Operations [G-Ops) .

AlexNet (2012): First CNN
+ 8layers
* 61 million parameters
ZFNet (2013): 16.4% to 11.7%
+ 8layers
» More filters, denser stride.
VGGNet (2014): 11.7% to 7.3%
» Beautifully uniform:
= 3x3 convy, stride 1, pad 1, 2x2 max pool
+ 16 layers
+ 138 million parameters
GoogleNet (2014): 11.7% to 6.7%
* Inception module
» 22 layers
* 5 million parameters
= (throw away FC layers)
ResNet (2015): 6.7% to 3.57%
* More layers = better performance
+ 152 layers
CUImage (2016): 3.57% to 2.99%
* Ensemble of 6 models

LeNet5 (1994)

C3: f. maps 16@10x10

C1: feature maps
INPUT
32x32 i S2: f. ma

6@14x1

|T_
e

Convolutions

Convolutions Subsampling

= The very first CNN, by Yann LeCun (1994)

= |nsight:

e Convolutions with learnable features

S4: f. maps 16@5x5

= No GPU computation, non-linearity = sigmoid / tanh

* Image features are distributed across the entire image

C5: layer
120 FBS layer OUTPUT

\
| Full conAection ‘ Gaussian connections

Subsampling Full connection
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AlexNet (2012)

11x11x3 5x5x96 3x3x256 3x3x384 3x3x384 9216x1x1 4096x1x1 4096x1x1
{96} {256} {384} {384} {256} {4096} {4096} {1000}

r Ful
Normalization

= Extension of LeNet5 to learn more complex objects and object hierarchy

= RelU, dropout, overlapping max pooling, NVIDIA GTX 580

Krizhevsky et al. "Imagenet classification with deep convolutional neural
networks." Advances in neural information processing systems. 2012.

GoogLeNet (2014)

Goal: reduce no. of parameters by going

“Inception” module:
@ @@ ‘ N
S q Filter
a4 i concatenation
4 ‘i

STIEEL

Convolution P
Pooling 3x3 5x5 1x1 convolutions
Softmax
Concat/Normalize x1 3 L) [}

1x1 { 1x1 i 3x3 max pooling

e
Previous layer

AVERRGE
PooLING

Szegedy et al. "Going deeper with convolutions." Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 2015.
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1x1 Convolution

56

56

1x1 CONV
56 with 32 filters

(each filter has size

1x1x64, and performs a

64-dimensional dot

56 product)
32
ResNet (2015)

» V;L T I He, Kaiming, et al. "Deep residual learning for image recognition." Proceedings
= %‘-,E of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.

——
-

Input

Addition

Output

X
identity

- 40 -




NVIDIA End-to-End CNN (2016)

(@) Output: vehicle control
i
Fully-connected layer
[ B0neurons | Fully-connected layer c ntr l
In put Fully-connected layer ontro

Convolutional
feature map
- - 64@1x18 Yy degree
Left Middle Right 3x3 kerel o
onvolutional

feat
Camera || Camera || Camera a@3x20

3x3 kernel
- Convolutional
feature map

48@5x22

-

W

5x5 kernel

Convolutional
feature map
36@14x47

£

5x5 kernel Convolutional

feature map

24@31x98
| | Sx5kermel  Nomalized
input planes

{

J
3@66x200
[ Normalizafion ]
|
L pipnes
> 8600

# of parameters: 250,000

yright ©2024 T2Ci8tE A B STystel 0|42

NVIDIA Self-Driving (2016)

Holmdel, New Jersey

February 2016

-41 -



AtEFa A AEl (NVIDIA CES 2017)

DEVBOT by Roborace

Decfstn e ESrisel oA
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Formula Students 2017 (Fuela)

Q/A

<
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Sequence Modeling

Markov models:

= Markov assumption: each state depends only on the last state
= We cannot model long-term dependencies:

e InFrance, | had a good time and | learnt some of the language

- 44 -



RNN

RNN hidden nodes “remember” their previous state:

ol W x( : vector representing first word
\ 8o : cell state at t = 0 (some initialization)
—— 9, sy:cell stateatt =1

2 81 = tanh(Wzo + Usp)

RNN

RNN hidden nodes “remember” their previous state:

”

1% 7 : vector representing second word
\ sy :cell stateat t =1

— 9 so : cell state at t = 2

x,: “was

<

7 8o = tanh(Wzy + Us:)
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Unfolding RNN Hidden States

time

Language Modeling

KING LEAR:
0, if you were a feeble sight, the
courtesy of your law,
all the works of language Your sight and several breath, will
shakespeare mode| wear the gods
With his heads, and my hands are
wonder'd at the deeds,
So drop upon your lordship's head,
and your opinion
Shall be against your honour.
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Language Modeling

yo yl y‘z
alas my honor y; is actually a probability
distribution over possible
v v v next words, aka a softmax

8 ! Sy
U U u
W W w
<start> alas my
z, z,
Sentiment Analysis

W+
P ©HVSVN i

Don't fly with @ British_ Airways.
They can't keep track of your
luggage.

Kim Kardashian @ i~

\ KimKardashan

Happy Birthday to my best friend, the ¥of :)
my life, my soul!!!! I love you beyond words!

instagram.com/p/aTgfl-OS-a
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Sentiment Analysis

y
negative y is a probability
distribution over
v possible classes (like
positive, negative,
neutral), aka a softmax
u U
w w
fly luggage
x, z,
RNN: Model Sequences
one to one one to many many to one many to many many to many

t %

t t

T

i

i

||

00 00 DOOHH]

i

gan oo

\ e.g. Image Captioning

o0 10

||
R
—

image -> sequence of words
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RNN: Model Sequences

' BRR B BRE OGNS
AL 4L L4 L L
uoh  OoE 00
- E—

I
=l
|1

1
|1

RNN: Model Sequences

one to one one to many many to one many to many many to many
t | t ot t t

] i) DA
i

—
||
g

t I tieh ttt
1 1 100

\ e.g. Machine Translation
seq of words -> seq of words
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RNN: Model Sequences

one to one one to many many to one many to many many to many

| [DORER (SRS
10 OO0 0
goo oo ooc
/

e.g. Video classification on frame level

-
=

=
||
|1

—
|—
|—|
||

Ex. Character-Level Language Modelling

E::)c:blu:)a]rv: hi = ta,nh(Whhht_l = Wmhwt)

Training 0.3 1.0 0.1 -0.3
segex: “hello” hidden layer | -0.1 03 05 V=" 0.9
0.9 0.1 -0.3 0.7
I A A 2
1 0 0 0
; 0 1 0 0
input layer 0 0 1 1
0 0 0 0
input chars: “h” “e" “I" al®
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Ex. Character-Level Language Modelling
target chars: ‘“e” I i
Vocaburary: 1.0 0.5 0.1
[h, e,1,0] 41 0.3 05
outputlayer | 3o 1.2 1.9
2.2 -1.0 -1.1
Training sequence ex: T T
“hello”
0.3 1.0 0.1 (W hnl-0-3
hidden layer | -0.1 0.3 =0.5—>1F0:9
0.9 0.1 -0.3 0.7
N A A
1 0 0 0
; 0 1 0 0
input layer 0 0 1 1
0 0 0 0
input chars: “h” “e" “I" al

Ex. Character-Level Language Modelling

Vocaburary:
[he, 1, 0] Sample '

Softmax 00

Test-time: sample one
character at a time, feeding

back to the model output leyer ;.'10

hidden layer | .0.1 |—

input layer

input chars: “h"
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Ex. Character-Level Language Modelling

Vocaburary: €
th (LG Sample t
’ el ’ o
.03
.84
Softmax .00
A3
Test-time: sample one T
character at a time, feeding 0
back to the model output layer ;10
2.2
0.3
hidden layer |-0.1 |—+{—
0.9
1 0
0 1
input layer 0 o
0 0
input chars: “h" “e"

Ex. Character-Level Language Modelling

Vocaburary: e
Sample
[h, e, 1, 0] P ! :
03 .25
84 20
Softmax 00 50
; A3 05
Test-time: sample one
! . f f
character at a time, feeding e 05
back to the model output layer 43.}, 0.3
- 1.2
2.2 -1.0
03 1.0
hidden layer | .0.1 03 (—
0.9 0.1
1 0
0 1
input ayer | 0 g
0 0
input chars: “p" “e"
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Ex. Character-Level Language Modelling
Vocaburary: ‘e” "'" “r ‘0"
Sample
[h,e,1,0] P t t t t
03 .25 1 A1
Softmax .00 .:8 .Zl 8:

. A3 .05 03 .79
Test-time: sample one ¥ . 7 ;
character at a time, feeding B Fo5 ] 01 ] (02
back to the model output layer 3}) ‘1’: ‘1’-2 _;?

(22| [a0f | (4] | [22]
SN R B
hidden layer | 0.1 03 95"l 05
0.9 0.1 03 07
B O A I
1 0 0 0
input layer g ; 2 (1)
Lo | 0 Lo ] (Lo
input chars: “h" ‘e” f.l Al

Image Captioning

“straw” “hat” END
Yt

w’oh
hy
Wh:x:

Tt
START “straw” “hat”

Explain Images with Multimodal Recurrent Neural Networks, Mao et al.

Deep Visual-Semantic Alignments for Generating Image Descriptions, Karpathy and Fei-Fei

Show and Tell: A Neural Image Caption Generator, Vinyals et al.

Long-term Recurrent Convolutional Networks for Visual Recognition and Description, Donahue et al.
Learning a Recurrent Visual Representation for Image Caption Generation, Chen and Zitnick

Wh h
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Image Captioning

T ]

<STA
RT>

<START>

test image

before:
h = tanh(Wxh * x + Whh * h)

now:
h = tanh(Wxh * x + Whh * h + Wih * v)

Image Captioning

test image

sample!

s | 3 |+ 3]

<STA
RT>

<START>
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Image Captioning

test image

sample!

Image Captioning

test image

\ sample

<END> token
=> finish.

—» h1 >

ENE
AN

T =]

<STA strow hat
RT>

[ART>
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Image Captioning: Examples

A cat is sitting on a tree A dog is running in the A white teddy bear sitting in
branch grass with a frisbee the grass

Two people walking on A tennis player in action Two giraffes standing in a A man riding a dirt bike on
the beach with surfboards on the court grassy field a dirt track

Image Captioning: Failures

Y A bird is perched on
~ atree branch

! V) v{";‘:\ ;
A woman is holding a
cat in her hand

Amanina
baseball uniform
throwing a ball

A woman standing on a
beach holding a surfboard

A person holding a
computer mouse on a desk
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Visual Question Answering

Q: What endangered animal Q: Where will the drivergo Q
is featured on the truck? if turning right?

A: A bald eagle. A: Onto 24 % Rd. A

A: A sparrow. A: Onto 25 % Rd. A:

A: A humming bird. A: Onto 23 % Rd. A

A: Araven. A: Onto Main Street. A

: When was the picture Q: Who is under the
taken? umbrella?

. During a wedding. A: Two women.

: During a bar mitzvah. A: A child.

. During a funeral. A: An old man.

: During a Sunday church A: A husband and a wife.

;
7
%,

eanvira
Agrawal et al, “VQA: Visual Question Answering”, ICCV 2015
Zhu et al, “Visual 7W: Grounded Question Answering in Images”, CVPR 2016
Fwaew copyright IEEE 2016. Reproduced for educational purposes.
Back Propagation The sum of stepwise losses:

o)
ow

0%
ow

s, = tanh(Us; + Wx)

s; also depends on W !!
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Dependency of s, on W

9%
ow
(952 851
| || 02 951 0%
Yo 0s1 0sg OW

.. In RNNs with many time steps, you
d U may multiply lots of small numbers
" ’ during backpropagation

=>» Vanishing gradient problem

Problem: Vanishing Gradient

We're multiplying lots of small numbers

—>Errors due to further back timesteps have increasingly smaller gradients

- Parameters become biased to capture short-term dependencies

Solutions:

* Use special units instead of hidden nodes

* E.g. LSTM (Long Short-Term Memory)
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Vanilla RNN Gradient Flow

hy = tanh(Whhht_l + thxt)

W—»?—» tanh \
o 55
h staek t = tanh ((Whh Whm) ( ;'t ))
—farih (w (’“-1»
Tt

Vanilla RNN Gradient Flow

Backpropagation from h,
to h,, multiplies by W
(actuaIIyW )

(?—» tanh

h. =4 smk

hy = tanh(Wyphy—1 + Wepay)

= tanh ((Whh Wha) (h;—tl>)

T ()

N
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Vanilla RNN Gradient Flow

= tanh

W——%)z vﬁi

i

hy

Computing gradient
of h, involves many
factors of W

(and repeated tanh)

%,

Largest singular value > 1:
Exploding gradients

Largest singular value < 1:
Vanishing gradients

LSTM [Hochreiter et

f: Forget gate, Whether to erase cell
i: Input gate, whether to write to cell
g: Gate gate (?), How much to write to cell
o: Qutput gate, How much to reveal cell

al., 1997]

’l: g zh
f e g Wi{h ngh
Y &; Wik by
g tanh ) |W7 W9,
1 o
f - a W ht—l
0 g Tt
g tanh
cc=fOc-1+i0g
ht = 0 ® tanh(c;)
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LSTM: Gradient Flow

a
» a W (ht_.1)
a Ty
tanh

c=fOec—1+i0g
hy = 0 ® tanh(c;)

Q O =

LSTM: Gradient Flow

Backpropagation from c, to
c,, only elementwise
multiplication by f, no matrix

— multiply by W
i o
f = g W (ht—l
o o x4
g tanh

c=fOc-1+i0Og
ht = 0 ® tanh(¢y)
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Vanilla vs. LSTM: Gradient Flow

hi]

Cr ?2.’

Gated Recurrent Unit

GRU [Learning phrase representations using rnn
encoder-decoder for statistical machine translation,
Cho et al. 2014]

Ty = 0(Warzy + Whehi—1 + by)

2zt = o(Wyexy + Whohi—1 +by)

he = tanh(Wanze + Wan(re © he—1) + bn)
hi=2Qhi_1+(1—2)Oh
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=L AL
NLP Al 2 & sk
(1) o4 =y (2)
Ssf2aps Mto||otE D SEE - =3 Hgnﬂu_,H_',E,_olnfE =
(3) xto10] xja| xte}
ssizat stz afges]- Of SH0f > Tt Erof
= OjF 2E > Ctg 2

12 > g
W2 S|
7|9 Rhs ety
XHEL
AN

&%
4
S0 0.02
=2H  0.01
3 0.03
%M 0.01
I-IEEIP
| == o0.88 et
o o

MM 0.05
X2
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NLPAI 23 : =3 nj=tH

GPTL| M= MZAQ X

Transformer X"

Text & Position Embed
OfEl4d F12: 7= RNN 220j| Blsf GPUE 0|18¢t 88 &0 /2

* Attention Is All You Need, NeurlPS (2017)
~ ** Improving Language Understanding by Generative Pre-Training, OpenAl (2018, GPT-1)
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ChatGPT2| at&(1): AIHEHS

=i

= CHQfoL G|O|E|: M YHO[X|, == &
= [H22F H|0|E{: 2 45TB (0|2 2|3 TA{2 4.5HK)
» H|ZS 85

- Q10 By

GPU 7|dt {12 HHE

ol

s

J

ining language models to follow instructions with human feedback, NeurlPS (2022, InstructGPT)

AL
ChatGPT2| k& (2): Fine-tuning
1. 4= 85 —\/Z.EQEEQ%—\
& OEOE ]
o e e Mz (Rl Ao
AI2EE
/ 8. O 4o
B =)
) He =y 2 .2
7 =
puw"m"u&::n. (40%'9-| AI'%-'l') ﬂ—/ * Sonet
‘ A=t Once upon atime... Xl'gu
MaE Hof -
- nEnE Yy 0:6:0-0 3 Rt
jll:ll_l' . _0
° Hab o (ALK 1=
<& S * 8g Y
ks
o\ - N )
ining language models to follow instructions with human feedback, NeurlPS (2022, InstructGPT)

- 65 -



ChatGPTQ| H| 2

* Fine-tuning2
= Ao 2ot A

= U2 B s
= SCRC HARE 7|
= A 4HZE NVIDIA A100 80Gb GPU 12HT7tE 1THY x 37t
- A100 (80Gb) GPU 1%&: 10,000 $ (Z GPU H|E: 2F 14009 &) ... now 20,000$
(Need 5 A100 GPUs just for loading the model & a prompt)
- H100: x9 faster training, x30 faster inference (on paper), 1&: 44,000$
= 15| &g X7 2 2 28 (2 70%tkm) Xt2F 8 02 CO, HiE (sustainability?)

x SEF MM HIR
oHd oo o
= ARSAR 1Y 27020 2 (YAETH 2.5, BIE 971 E)

of

2 02 02K} MH|A HIR Of 1.4 A

XAl (eXplainable Al)

» O3 QDS HTA 2 Z(DARPA)S| G+ T2 3 (2016~2021)
= https://www.darpa.mil/program/explainable-artificial-intelligence

Watson

AlphaGo

Operations <o O AF”E =72

- o CHE ZFE & WalX $%k=ot
- 1| & 38t=7t?
- QK| HIfSt=7t?
< 2K AIE ME[H =
<O|EA Al R7E

Sensemaking

A9 2THE X 0| HBHE 4410 1S
2|50, BTN O2 2 Yot7| 2oh BAHY
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SVMs —
N

Deep Explanation
Modified deep learning
techniques to learn
explainable features

D~
- MHEHIISSH MRS Elgu
A o
NEERTE] i) Al 2
 Neural Nets .
4 < /'/Graphicar\\ S
EI I—l'% )él I:'o:' EEH_'—" . A Models .=
= o 2. Deep
s dss #de Learning Bayesian |
o L Belief Nets |
ol o| 74t < 9 // .
DElo] 7e ) g% SRL ) /
— CRFs  HBNs orests
| Stafistical GO MLN; D,,,,l,:
del ecision
odels Markov / Tees

Models

Example

Explanations

Explainability

Hendricks et al., Generating

§ This is a Kentucky

warbler because this
is a yellow bird with a
black cheek patch
and a black crown.

This is a pied billed
grebe because this
is a brown bird with
along neck and a
large beak.

Visual Explanations, arXiv, 2016
(UC Berkeley)
M| ZFE 85%2

Y2 0%

+ o|ojx|2) HEa Fo)
olof wBrste B2 g
A
= o

MH7Isor SFAREl 714
M2 HEE A Al HH-E
~ Neural Nets —
Lh2 dyeat ) Graphical ™\
= MES 7t Deep
ICAI e = Learning
ol 7 —
| Statistical -
Models /Decision

Trees

shGgk
Prpl P
Akl P

Interpretable
Models

Techniques to learn more
structured, interpretable,

causal models

Explainability
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= i
VEERTE Si) Al g2

 Neural Nets I

: .~ Graphical .

o MmEdq 4 e B -
H Ll'n_ Elg —|J-|' / 5 \ V4 “ Models N\ N
. eep AN\ \

o= dse 4= Learning Bayesian ety \
Dalo| yyet X Belief Nets }

Explainability

Model

Model Induction

Techniques to infer an
explainable model from any
model as a black box

7| KOREA

UNIVERSITY

Libra-CAM: An Activation-Based Attribution Based on the
Linear Approximation of Deep Neural Nets and Threshold
Calibration ,e--

Sangkyun Lee* & Sungmin Han

School of Cybersecurity
Korea University, South Korea

[JCAI-22
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CAM and Grad-CAM
< CAM [CVPR'16] Explicit modification Traine
Channel-wi ﬁ
CECHC . cC cC i .
Bird S (x) — Z W v
Ofjofjo k :
VRV \Y )
Class b 2 2 B c o Z aftg
Activati 1| 2 Bl T IEam(z) == ) Jwiidi;
on Map k
(CAM)
o k
Iérad—CAM (ZE) = RGLU(Z w]f,4 (LU))
Grad-CAM [ICCV'17] .
Computable, wi = Z Ofec(x - /
Channel-wise 7 £ 8A

Libra-CAM: a CAM based on Linear approximation and threshold c

« A single-ref version: 5 8fc
I (z) = p <O‘Z DAF |,

/ k
Element-wise
Scaling to [0,1] range

Contrastive

Can be arbitrarily small > 0

- . . -> minimize approximation error
+« Multiple contrastive reference points PR

* We can choose any reference without sacrificing the approximation error
» Use references contrastive to the target class c:

Iibra-cam () := & Zle f ()

-built reference library is used with ref filtering: fc(Ir ® :13) > 7y
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Quality Measures

Avg Prob Inc (API): £ 37" | G

Y;

Avg Prob Drop (APD): % >ia (yc;—gcfr

o of = f.I(z) © )

Inc Rate (IR): 1 37 | 1(y§ < of)
Drop Rate (DR): £ 3" | 1(y¢ > of)

at threshold levels t € [0, 1] with th¥increment of 0.1 from left to right in all plots.
Fully Fully
Closed __Qpen ReoNet-50
0.12
Better 07 4 Better 0.13 o7
0 0.10 0.6 0.9 g 0.6
o o 7 7 € 0.10 Box
AR 0.08 %05 I'he g 5™ o
& R ; 04 So07 2008 904 go7
E g $o03 go06 2005 go3 gos6
g o
30.04 on Sos > 2 Sos
20.02 6l 0.4 l 0.9 0.1 0.4
0.00 AUC 0.0 03 Better 0.00 0.0 03
1.0 0.5 0.0 0.0 0.5 1.0 0.0 0.5 1.0 1.0 0.5 0.0 0.0 0.5 1.0 0.0 0.5 1.0
0.16 G 0.06 0.3
o 0.9 2
® 0.12 205 21005 @ 0.9
@ " 0.8 ®0.04 ® o
s 8 < 0.4 3 gV x 0.2 z08
s @ < 0.7 £ @ x>
o 2008 ©0.3 a 5 0.03 b 5
o £ o 206 = o 2 0.7
2. 2 g0.2 a < 0.02 501 5
& goos < 0.5 g =
< 0.1 Z0.01 0.6
0.4
0.00 0.0 0.00 0.0 0.5
1.0 0.5 0.0 0.0 0.5 1.0 0.0 0.5 1.0 1.0 0.5 0.0 0.0 0.5 1.0 0.0 0.5 1.0
Avg Prob Decrease Threshold Threshold Avg Prob Decrease Threshold Threshold

~¥—- Grad-CAM  —@- Grad-CAM++  —A&— Relevance-CAM  —— Score-CAM  —#— AGF -4— Sig-CAM —@— Libra-CAM
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Qualitative Result (VGG-16)

ICCV'17  WACV'17  CVPR'20  CVPR'21  AAAI21  AAAI21
Grad Grad Score  Relevance
Sig-CAM  AGF

CAM CAM++ CAM CAM

S

S o
= BE
@ 25 Two dogs
& ==
S
£

S9 Whole obj
= 8%

S &

Whole obj

Bird

Pascal VOC

L

Two cats

Qualitative Result (ResNet-50)

Iccv'17 WACV'17 CVPR'20 CVPR'21 AAAI'21 AAAI'21

Grad Grad Score Relevance

CAM CAM++ CAM CAM Sig-CAM

Original

ImageNet

specific

Pascal VOC
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Q/A

Model Induction Methods

Perturbation-Based Methods
= Ol Holof (2 O Fgtol BotE E7Y QKo ZQEE ME
= | IME, SHAP, EMP, RISE, XRAI...

Input Gradient-Based Methods
» U0 CHot =30 O|EX 2 Y TR E M=
= Guided Backprobagation, SmoothGrad, VarGrad, Integrated Gradients, Guided Integrated Gradients,
DeepLIFT, ...

Decomposition Methods
» SYHOM 20|z 52 E Yoz MESHs 2T gin ¢ueEE 74
= | RP, Contrastive LRP, RAP, ...

Activation-Based Methods
= CNNZ2| OpX|} activation| TIZH=E QX SR E AS0f| AL
= CAM, Grad-CAM, Grad-CAM++, Score-CAM, Ablation-CAM, Layer-CAM, ...
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