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Long, Mingsheng, et al. "Learning Transferable Features with Deep Adaptation Networks." JCML 2015.
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. . . . : Learning Process of Transfer Learning
Learning Process of Traditional Machine Learning

Different Tasks Source Tasks Target Task

! 4
) e |

(a) Traditional Machine Learning (b) Transfer Learning
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O SCHhFERZ ( Instance Transfer )
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O %515 F#5 ( Feature Transfer)
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0 28uT#% ( Parameter Transfer)
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J(x,y)
= arg mgn [E(x,y)~PS [pTExi L(y fo (X))]

= arg min
5 7,
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O RIE—MEEXEERE | HRIEBREEFNIRBREIRISHY

N O 000 o—0—0 00— 0
BERBE ] L s €{0,1}
Hfr CY v O o0 1

O WRBEREL (p.df) X&K
pr(x) X ps(x)p(s = 1|x)

0 EEHER(s = 10l A— T ssin

pr(x)
Bx) = « p(s = 1]x)
ps(x)
Zadrozny, Learning and Evaluating Classifiers under Sample Selection Bias, 30

ICML 2004
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Bx) = x p(s = 1[x)

Zadrozny, Learning and Evaluating Classifiers under Sample Selection Bias, 31
ICML 2004
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ST () = P

0 A—&SEREFEGITE

b

BGO = ) awpi®)

[=1
O #HITTAYBARERZERE pr(x) = £ (x)ps(x)
0 B/ MEKLEE 0 BMETIRE
min KL[pr ()| [pr (0] min [ (B~ ) ps)d

{al}l 1 al}l 1
Sugiyama et al., Direct Importance Estimation with Kanamori et al., A Least-squares Approach to Direct
Model Selection and Its Application to Covariate Shift Importance Estimation, JMLR 2009

Adaptation, NIPS 2007
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Auction Selection
as a Filter
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>
c
o
=
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p(data) Train Model
[ ﬂ ﬂ
Opt Est

Data Distribution

Pre-bid Full-Volume Discrepancy
Bid Request Data

| i
L > e.g., click,
_ || win price

data)

Post-bid Winning
Impressions Data

Weinan Zhang et al. Bid-aware Gradient Descent for Unbiased Learning with Censored Data in Display

Advertising. KDD 16
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BEEREF

L(y.fs (x))‘

min Ex~p(x) [L (y, fﬁ (x))] = mﬁin [Ex~q(X) w(b,)

B

34
Weinan Zhang et al. Bid-aware Gradient Descent for Unbiased Learning with Censored Data in Display

Advertising. KDD 16



5Yahoo ! DSPRYFEIMELER

f£Yahoo ! ZEE_FAIA/BINL

2.97% AUCIEF

Camp. | Bias AUC. kmmp AUC  AUC Lift
Cl 63.78% 64.12% 0.34%
C2 87.45% 88.58% 1.13%
C3 69.73% 75.52% 5.79%
C4 88.82% 89.55% 0.73%
C5 69.71% 72.29% 2.58%
C6 89.33% 90.70% 1.37%
CT T7.76% 78.92% 1.16%
C8 T4.57% 76.98% 2.41%
C9 71.04% 73.12% 2.08%
all 73.48% 76.45% 2.97%

Weinan Zhang et al. Bid-aware Gradient Descent for Unbiased Learning with Censored Data in Display
Advertising. KDD 16
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0 28uT#% ( Parameter Transfer)
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FR R Pt (Transfer Component Analysis)

O /il
- BREIRREEIFINTZD (transfer components ) £,
D Z [BRIEEE &IV

PN

BRERE=R

(Joint latent factors)

T
SERES BiREEHES AR RE

Pan, Sinno Jialin, et al. "Domain adaptation via transfer component analysis." IEEE Transactions on Neural 41
Networks 22.2 (2011): 199-210.



FR R Pt (Transfer Component Analysis)

O FE2EE
© F R EAN E i A IRRRET R AT LU e = R R B R IG E0E
CHHHIRRES ]

mq;n Dist(p(Xs), p(X7)) + 1Q(9)

s. t. constraints on @(Xs) and ¢ (X1)
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FR R Pt (Transfer Component Analysis)

0 &RXREYES (MMD)
- SEEIREAN BAREETE

ns

Xs = {xsi}i=1 X7 = {xTi}?:l

* D BUMPs C)FOPr (s) IHHHF

Dist(p(X), X)) = [ @ ((x5)) = - ) @ (0(ar,)
I = I i=1 H
" e
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FR R Pt (Transfer Component Analysis)

181 PCAFNTCAZ S BRUFERT AT AL 7~ 15)

5 T T T r T r

+ Pos. source domain data
ak- 4 Neg. source domain data |

o Pos. target domain data

o Neg. target domain data
3_.. e UL P SR e R

PDF
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1D Fatent space
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O S5 F#8 ( Instance Transfer )
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O %515 F#5 ( Feature Transfer)
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0O 2201 ( Parameter Transfer )
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O BisMESS
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- 1S - M—EBRFRRARRERET—F 5

Ng Nt
1 1
mip @~ > L (v fog @) + (1= @5 D £ (3o for (7)) + 2065, 67)
SvT S 4 T “
=1 j=1
Z4EE]3 1Z4EE]3
Perlich, Claudia, et al. "Machine learning for targeted display advertising: Transfer learning in 50

action." Machine learning 95.1 (2014): 103-127.
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Zhang, Weinan et al. Implicit Look-alike Modelling in Display Ads: Transfer Collaborative Filtering to CTR
Estimation. ECIR 2016.
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HARTHS ?

O NRIRELFEI TI00MES | BE—

S ?
- WESESUENNTEXKSE

0O 5533 (Meta-Learning ) 5%1F

£23) ( multi-task learning ) 3E

CEEESliy

0 JTF3 = FRF3 (Meta-

learning = learning to learn )

Slide credit: Sergey Levine

HHESS | IRBEHANATE SR

" Follow the
- gradient
Gradient ;

Descent

I'm
oscillating...
- whatdo | do?

Learned
Optimizer

https://bair.berkeley.edu/blog/2017/09/12/learning-
to-optimize-with-rl/
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Lake, Brenden M., et al. "Building machines that learn and think like people.” Behavioral and Brain
Sciences 40 (2017).
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Maclaurin et al. Gradient-based Hyperparameter Optimization through Reversible Learning. ICML 2015. 58
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Optimizer
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Andrychowicz et al. Learning to learn by gradient descent by gradient descent. ICML 2015.
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Barret Zoph and Quoc V. Le. Neural architecture search by reinforcement learning. ICLR 2017.
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O IIVEARZES] ( Few-shot learning )
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Hariharan and Girshick. Low-shot Visual Recognition by Shrinking and Hallucinating Features. ICCV 2017. 61
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Finn et al. Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks. ICML 2017.
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(A BB BB TR ( SGD ) — meta-learning
9 ---- |learning/adaptation
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k ,/,, \\\
MAML SGD 1° 05

0 <6 — Uz VoLi(6 —nVeLi(6))
:

Finn et al. Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks. ICML 2017. 65



IRBIAAHITFES (MAML)

0O MAMLAFTEEE ( meta-gradient ) RUEFTE RIBERIEE

0 < 0—n ) VpLi(0 —nVaLi(6))
[

- XiEBEHYMIREERITE f KitEHessian-[0 £

- FERESSIEE (U1 : TensorFlow ) SiEpXLb{E

Finn et al. Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks. ICML 2017.
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O Fiullgs - {EFFmIIZRMI%S
eIt FHFITIESS
HIBEH SRR TN ( SGD)

0 MAMLEEFZEISEERNNTT
3 (HEE ) BT

mean squared error

ES °

k-shot regression, k=10
—e— MAML (ours)

i

- - pretrained, step=0.02
&= ofracle

1 2 3 4

5 6 7 8 9

number of gradient steps

Minilmagenet (Ravi & Larochelle, 2017)

5-way Accuracy

1-shot

5-shot

fine-tuning baseline

28.86 + 0.54%

49.79 + 0.79%

nearest neighbor baseline

41.08 + 0.70%

51.04 + 0.65%

matching nets (Vinyals et al., 2016)

43.56 + 0.84%

55.31 + 0.73%

meta-learner LSTM (Ravi & Larochelle, 2017)

43.44 + 0.77%

60.60 + 0.71%

MAMIL, first order approx. (ours)

48.07 £ 1.75%

63.15 + 0.91%

MAML (ours)

48.70 + 1.84%

63.11 + 0.92%
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Convergence
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Final
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Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent.” N/PS 2016. 69
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S

optimizer optimizee
error signd

O FNERERD © JoilUies (optimizer ) | fLiEs (optimizee)
O TSI LEERITRIN |, FHESM e R TREFELRIIRHRIE

Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent.” N/PS 2016. 70
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O LERLAE B IRIGTRERRE | LIRS ( RNN ) BIFZZEUEEI

011 =0 — UtVQtL(Ht)

Ory1 = 0 — gt(VQtL(Ht): ¢)

g: JLABIT— MEELE LS ( RNN)SCIR

Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent.” N/PS 2016. 71
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Algorithm 1 General structure of optimization algorithms

Require: Objective function f

29 « random point in the domain of f BETE o) = —qvf(x0D)
fori: =1.2....do

Ax « p((xD, f(xD), Vf(xD)}h)

if stopping condition is met then L o) =i Ivf(xD))
return 2"~ 1)
end if .
() =1 4L Agp F3JE%  ¢(-) = Neural Net
end for

O ffERgHF - Ax < d({xD, F(x)), Vf(xm)}

O STTFEIRBRRT— T REFHIRE , i&E
- EREMEENFITA
- BHESAIBELUIN S FE IRESHTER

Li, Ke, and Jitendra Malik. "Learning to optimize." arXiv preprint arXiv:1606.01885 (2016). 76
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Algorithm 1 General structure of optimization algorithms

Require: Objective function f

2(%) < random point in the domain of f g
fori=1.2....do

Ax — ¢({xD, f(x D),V (xD)}2h)
1f stopping condition 1s met then

return z(\~ 1)
end if | .
o) and )k 20D HAx L(xY))

end for /\

ZSie] Il
O WESERTRH—NREP()ER , ZRESMRERIEEEFNIZE 1T /R E—
MEERIZERS (latent representation ) B
O I ERRESEm BRI EEE
O ZhIRSHRE SR RRIRKEREL

Li, Ke, and Jitendra Malik. "Learning to optimize." arXiv preprint arXiv:1606.01885 (2016). 78
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* https://medium.com/huggingface/from-zero-to-research-
an-introduction-to-meta-learning-8e16e677f78a

« https://bair.berkeley.edu/blog/2017/09/12/learning-to-
optimize-with-rl/
« https://bair.berkeley.edu/blog/2017/07/18/learning-to-learn/
0 Sergey LevinfUsgtF>NEFE

« http://rail.eecs.berkeley.edu/deepricourse-
fal7/f17docs/lecture 16 meta_learning.pdf

0 MimESIEZZAe
- Learning to learn by gradient descent by gradient descent

« Learning to Learn without Gradient Descent by Gradient
Descent
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O —mAXTHEMEERIEER ( neural
architecture search, NAS ) B98N O8NS

« Zoph, Barret, and Quoc Le. Neural
Architecture Search with Reinforcement
Learning. ICLR 2017,

0 ATEREREMEGD

- FKEK, WMERIR=Ba=28FS ( Google
Cloud AutoML ) fas

- Published Jan 17, 2018

- https://www.blog.google/products/google-
cloud/cloud-automl-making-ai-accessible-
every-business/
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FREZRILEESIEIRER (NAS ) HE5S

Sample architecture A
with probability p

[ v

Trains a child network
The controller (RNN) with architecture
A to get accuracy R

{ J

Compute gradient of p and
scale it by R to update
the controller

= HIES (controller ) AREETERE=ATINFILE , FFNEREN
RORIUE A i
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XUE ( Observation ) : —\MEMERIEEIIFIER EEETS
e T ENFA B imA

{=#82 ( Controller) : — M EEUEAERL_ DIAFRTEBAVIEIAERE
kJ2& ( RNN )
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Layer N-1 Layer N Layer N+1
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BkEXICEE ( Skip Connections )

X |

v

weight layer
F(x) l relu

weight layer

X

identity

SRR I ZR LR

He, Kaiming, et al. "Deep residual learning for image recognition." CV/PR. 2016.



BkEXICEE ( Skip Connections )

N-1 skip connections

—

—

Number Anchor ‘ Filter _ Filter . Stride Stride . Anchor _ Number Filter _
» |of Filters][, Point [4| Height [+ | Width [, | Height " | width [\ Point [\ |of Filters|, | Height [
“‘I || ‘| l| I| II ‘I ‘I I| II
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» < > <« o
Layer N-1 Layer N Layer N+
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n(layer j is an input of layer i) = sigmoid (thanh(Wprevhj + Wcurrhi))
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[ ¥ Erecurrent cell

: he = f(he—1,X¢)
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CIFAR-10_fy%&IR

Model | Depth  Parameters | Error rate (%)
Network in Network (Lin et al., 2013) - - 8.81
All-CNN (Springenberg et al., 2014) - - 7.25
Deeply Supervised Net (Lee et al., 2015) - - 09
Highway Network (Srivastava et al., 2015) - - =12
Scalable Bayesian Optimization (Snoek et al., 2015) - - 6.37
FractalNet (Larsson et al., 2016) 21 38.6M 5.22
with Dropout/Drop-path 2 38.6M 4.60
ResNet (He et al., 2016a) | 110 1.7M | 6.61
ResNet (reported by Huang et al. (2016¢)) | 110 1.7M | 6.41
ResNet with Stochastic Depth (Huang et al., 2016c¢) 110 1.7M 5.23
1202 10.2M 491
Wide ResNet (Zagoruyko & Komodakis, 2016) 16 11.0M 4.81
28 36.5M 4.17
ResNet (pre-activation) (He et al., 2016b) 164 1.7M 5.46
1001 10.2M 4.62
DenseNet (L = 40, k = 12) Huang et al. (2016a) 40 1.0M 5.24
DenseNet(L = 100, k = 12) Huang et al. (2016a) 100 7.0M 4.10
DenseNet (L = 100, k£ = 24) Huang et al. (2016a) 100 27.2M 3.74
DenseNet-BC (L = 100, kK = 40) Huang et al. (2016b) 190 25.6M 3.46
Neural Architecture Search v1 no stride or pooling 15 4.2M 5:50
Neural Architecture Search v2 predicting strides 20 2.5M 6.01
Neural Architecture Search v3 max pooling 39 7.1M 4.47 101
Neural Architecture Search v3 max pooling + more filters 39 37.4M 3.65




Penn Treebank E93EIN

Model ] Parameters Test Perplexity
Mikolov & Zweig (2012) - KN-5 2M? 141.2
Mikolov & Zweig (2012) - KNS5 + cache 2M* 125.7
Mikolov & Zweig (2012) - RNN 6M* 124.7
Mikolov & Zweig (2012) - RNN-LDA T™M* 113.7
Mikolov & Zweig (2012) - RNN-LDA + KN-5 + cache oM?* 92.0
Pascanu et al. (2013) - Deep RNN 6M 107.5
Cheng et al. (2014) - Sum-Prod Net S5M* 100.0
Zaremba et al. (2014) - LSTM (medium) 20M 82.7
Zaremba et al. (2014) - LSTM (large) 66M 78.4
Gal (2015) - Variational LSTM (medium, untied) 20M 79.7
Gal (2015) - Variational LSTM (medium, untied, MC) 20M 78.6
Gal (2015) - Variational LSTM (large, untied) 66M 75.2
Gal (2015) - Variational LSTM (large, untied, MC) 66M 73.4
Kim et al. (2015) - CharCNN 19M 78.9
Press & Wolf (2016) - Variational LSTM, shared embeddings 5IM 73.2
Merity et al. (2016) - Zoneout + Variational LSTM (medium) 20M 80.6
Merity et al. (2016) - Pointer Sentinel-LSTM (medium) 21IM 70.9
Inan et al. (2016) - VD-LSTM + REAL (large) 5IM 68.5
Zilly et al. (2016) - Variational RHN, shared embeddings 24M 66.0
Neural Architecture Search with base 8 32M 67.9
Neural Architecture Search with base 8 and shared embeddings 25M 64.0
Neural Architecture Search with base 8 and shared embeddings 54M 62.4
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tERFER =

O KRR R RERKHIERE

Paradigm Engineering Task Relation
CLS TAG
. . Features M
a. Fully Supervised Learning (e.g. word identity, part-of-speech,
(Non-Neural Network)
sentence length)
GEN
- CLS TAG
b. Fully Supervised Learning Architecture [ v [
(Neural Network) (e.g. convolutional, recurrent,
self-attentional) _
GEN
CLS TAG
Objective e M
c. Pre-train, Fine-tune (e.g. masked language modeling, g
next sentence prediction) |
| GEN
CLS TAG
—_ LM
d. Pre-train, Prompt, Predict Prompt (e.g. cloze, prefix) \?‘/
~ JGEN
Pengfei Liu et al. Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural 108

Language Processing. 2021.
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Sparks of Artificial General Intelligence:
Early experiments with GPT-4

Sébastien Bubeck Varun Chandrasekaran Ronen Eldan Johannes Gehrke
Eric Horvitz Ece Kamar Peter Lee Yin Tat Lee Yuanzhi Li Scott Lundberg
Harsha Nori Hamid Palangi Marco Tulio Ribeiro Yi Zhang

Microsoft Research

Abstract

Artificial intelligence (AI) researchers have been developing and refining large language models (LLMs)
that exhibit remarkable capabilities across a variety of domains and tasks, challenging our understanding
of learning and cognition. The latest model developed by OpenAl, GPT-4 [Ope23|, was trained using an
unprecedented scale of compute and data. In this paper, we report on our investigation of an early version
of GPT-4, when it was still in active development by OpenAl. We contend that (this early version of) GPT-
4 is part of a new cohort of LLMs (along with ChatGPT and Google’s PaLM for example) that exhibit
more general intelligence than previous AI models. We discuss the rising capabilities and implications of
these models. We demonstrate that, beyond its mastery of language, GPT-4 can solve novel and difficult
tasks that span mathematics, coding, vision, medicine, law, psychology and more, without needing any
special prompting. Moreover, in all of these tasks, GPT-4’s performance is strikingly close to human-level
performance, and often vastly surpasses prior models such as ChatGPT. Given the breadth and depth of
GPT-4’s capabilities, we believe that it could reasonably be viewed as an early (vet still incomplete) version
of an artificial general intelligence (AGI) system. In our exploration of GPT-4, we put special emphasis
on discovering its limitations, and we discuss the challenges ahead for advancing towards deeper and more
comprehensive versions of AGI, including the possible need for pursuing a new paradigm that moves beyond
next-word prediction. We conclude with reflections on societal influences of the recent technological leap and
future research directions.

109
Sébastien Bubeck et al. Sparks of Artificial General Intelligence: Early experiments with GPT-4. Mar. 2023.
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Source: https://www.youtube.com/watch?v=2KVFMc7q92qs

Driving over Roundabout: Look others, assess, decide, act...

Gweon, H., and R. Saxe. "Developmental cognitive neuroscience of theory of mind." Neural circuit development and function in the brain. 2013.
Yoshua Bengio DEEP LEARNING FOR SYSTEM 2 PROCESSING and From Conscious Processing to System 2 Deep Learning
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