023FEEZE (FEFISL) BREF—=E

REZIEN

T ERE ISR | EEESID
BF#E : liandefu@ustc.edu.cn

FHl: 13739227137

FTA: http://staff.ustc.edu.cn/~liandefu
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s FHHD: EHEE
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cPAE: AXBHIERETISE
- FERRAR: REFS. HEERR. S2HH
« FH (MERS) : 13739227137
« fiBFE: liandefu@ustc.edu.cn
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- BERETE
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* Deep Learning, lan Goodfellow, Yoshua Bengio and Aaron Courville

- HEMESREFS EBHH TR SRt

* Deep Learning with Python, Frangis Chollet
« HIFFREFS, [WHT K. FAE
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HEF IR

- HriB4EA52CS224n: Deep Learning for Natural Language Processing
* https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1194/
« Chris Manning FEH#REAESHIETHHNSFHREFZ IR

« HTtB48A5CS231n: Convolutional Neural Networks for Visual
Recognition
* http://cs231n.stanford.edu/
« Fei-Fei Li Andrej Karpathy FFEECNN, RNNEE(GTUSHAIRIFE




HFRIE

« WA NRFEIEG” NBFEIRE”

* https://www.csie.ntu.edu.tw/~htlin/mooc/

P BRR ISR

* http://speech.ee.ntu.edu.tw/~tlkagk/slide/Tutorial_HYLee_Deep.pptx

ZFIRER “HARF3120207
* https://www.bilibili.com/video/av94519857/




IRELHEN BTV

< IRFE(EA
o SANINEEEE, SBIECNN, RNN, GCN, Transformer, GAN
. —Afﬁﬁ;@ﬁ SIKDD Cup, KaggleFRZENEF—ELE

. ;%l}): BISNNSEIG N ATERY, LUERMALERTTRL, HERSDTRIERRS
E

o FARLZE

100, =]

o 1453+1453+1495+1493+1495+2553+553=100%

IRIER IR



+1st Place - $50,000
IR LHEREZ T o Place - $10,000

« Z2/1: The goal of this competition is to classify isolated American
Sign Language (ASL) signs
« classify isolated American Sign Language (ASL) signs
o BEIEHBUE:  https://www.kaggle.com/competitions/asl-signs

A /E)ZHE
* February 23, 2023 - Start Date.

» April 25, 2023 - Entry Deadline. You must accept the competition rules
before this date in order to compete.

« April 25, 2023 - Team Merger Deadline. This is the last day participants
may join or merge teams.

« May 2, 2023 - Final Submission Deadline.

REFISIC



RIER RN E IO T 2nd e - 52000

3rd Place - $15,000

« 2212 AMP®-Parkinson's Disease Progression Prediction

* Use protein and peptide data measurements from Parkinson's Disease patients
to predict progression of the disease.

o SEEEbE:  https://www.kaggle.com/competitions/amp-parkinsons-disease-
progression-prediction
» February 16, 2023 - Start Date.

* May 11, 2023 - Entry Deadline. You must accept the competition rules
before this date in order to compete.

« May 11, 2023 - Team Merger Deadline. This is the last day participants
may join or merge teams.

+ May 18, 2023 - Final Submission Deadline.

£35S0



IRELHEN BRIV 2nd Pl 55000

3rd Place - $5,000

« ZERM3: Predict Student Performance from Ganig Play

* Trace student learning from Jo Wilder online educational game

o §EENELE:  https://www.kaggle.com/competitions/predict-student-
performance-from-game-play

* February 6, 2023 - Start Date.

* May 1, 2023 - Entry Deadline. You must accept the competition rules
before this date in order to compete.

* May 1, 2023 - Team Merger Deadline. This is the last day participants
may join or merge teams.

+ May 8, 2023 - Final Submission Deadline.
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< LIREZIEN o 7. HE IR

* 2. BITRFRE RILE * 8. LR IENIL

« 3. BIRHEMLE < 9. TR BEFRIRFS

* 4. BB RILE « 10. FELMEE

« 5. EZRANFISIMEBICIZ - 11 REBUES

* 6. EEFIMLE < 12 FXEZIENE (1)

« 13 REFIEnNG (2)

TES, KE¥T, S5
53] WEEER. W
k% BREES. M

FFS, LIKERSNA



INEF S UHAI TR S FTHAT

« &% NeurlPS, ICLR, ICML  « H3FIJMLR, MLJ, TPAMI
+ £ CVPR, ICCV « BT 1JCV. TNNLS

+ £ ACL, EMNLP « HiFI TACL. TASLP

« £ AAAL, 1JCAI « HRF) ALJ. JAIR
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ATERE

. L)\EI%‘%‘E (artificial intelligence, Al) FEE1LVEEEAEZHE
s sy
AT EEREELUNBEA T HEERNER ARSI T A,
John McCarthy (1927-2011)
* ATEREX N FRIEE B EHMITSESY, BE1956FM

BT (Dartmouth) =i, RSN E, "ATERE" #
RHFHEAARHFTRHAIRTR,

REFISIC



g8 A TESRE VS 3B A TESRE

SSATERE: REGUHIATERE (Narrow Al) BWAZIATE
‘H}? %(Alfp“eci Al) |, ERIRESTTEREEBERITERHITRIA
SRE

-5 AT ERe: NFRBAATIERE (Artificial General Intelligence)
%Eg:%)\l%’ﬁﬁ (Full Al) , fEROZRTLABHEARFRB TIERIA
S8E.

AT EREEBLITEE

1. FEAHEMEZRHTHEE, FAKRE, RaE, HIERRise
2. MIREFTFEES, SEERMENNRNERREEN

3. MxEE

4, F3gE

5.

EREAESHTTREIBAIEES
6. LiABENEESERSIELE BIraI8ED
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"— N ANERERXISRIBIR T, B —
TRRI75EC, ARSI T —RAIREE. WRAE
HEHRKAERN, hTEREX RIS
%g&%i‘l'%m, BBABATLUASX MR
2[R .

---Alan Turing [1950] )
{Computing Machinery and Intelligence) Alan Turing
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* IHNBREB ARRIERE

RRERE
' SN, EFMSEE, 8

BAXRSERARZEIMEERE
FRMA "BEYR
‘EREENALE, R k. K. BUEISHR. SRHES
gz, 3
ReAIERE FUA HEER. 2BE. B
BTG, IR SRS IR, BEURB. HREES.
BhE BRESLE
<FIA TR, BEESIN
ML, EERAL XFREI

INFIERE
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| 1
1940 1945 1950 1955 |1960 1965 1970 1975 1980 1985 1990 15)’95 2000 2005
A 4 | —
: WRRBTHRIT e i
B2 i A G e IRBESE )Pl
. ) IR RGN LRRENE
McCulloch 1 Pitts Rosenblatt Gib LI 5] N

PN T T 4 I 31 R FBHLAS)
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MeeF>

- NERFIENERAMNETEHZF S H—ARIERIRE, FFIBER
EXIRANEGRES TGN

o BEAIENBEFI KA B IRNESE, —RIGFEES
AT RR:

AR ——| MR UL R |—— | R |——{ e Bl ZE S
L 1]
HAE AL 32 EIEF )

$HETFE (Feature Engineering)

< XKTTEWBIRAERESFS] (Shallow Learning) , RNFRAFEFS,
HASIE B A TR a5 10 75 AR IHEY
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SENE: MR
R R=E
V=B ERA—
PRI

TR 54 M (color, texture, shape) ,A<E]
BB AT
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« MITHSEE, BRI A\ A e B R
®E, CEEERANIDHEEPRRIAREIHRIRA
ez,

BRITER—5R,
N
FIIGFEE,
RIEHHERIBAT,

MNT—ESRRUHSIRS, N—EXTHENEGE SIS
REHIRRIEXRRGE S, ERERIEARRNRAYT.

)
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* SMAI B MERRZE I TR

®rFS: ERER ——

- HARFRIF R
* AMAFEFRIZRTR
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AR RYEER?
T R—EREMOES, R — BRI
BRI, —MFETRAL T M

G BEBERENZR e fEfRLRRIFS e

TEESD ESZAEER

BEE—f&Ri,
RAESSERE
LL:ava: )
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BEBRTMDHIET

- Ligneoflisee: . 3K 5. &

c BEERR (FFEFRTR) | UAENEFERGBEAERIEE, one-
hotREF =~

« DHRET (PEHRFR) . FARGBERTH®, FEHEITNE
RGB=4=[EFAI— N R

[ mEEs | mstEs
[1000] [1.00, 0.00, 0.00]
w5 [0100] [0.00, 0.00, 1.00]
=]=] [0010] [1.00, 1.00, 1.00]
2| [0001] [0.00, 0.00, 0.00]

=
o
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BERRT . memr. SRmEE - SRS, TEE
- RIGAE, HENES - AR

DHNRT . ppE Ereee . TR
C SUEELE. SPRE - R HETRA

(FEFISE) 2025/2/27



PIFR (BRAN)

- ol EREERRFTERGEINRES I ERTTE
* R IPX NI R BIRITERA
- EEAES RS HIVERIE =S
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travel . = T
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EHHIEFS

- HMRE (FER)

* PCA. LDA

* JRERMERRA
* LLE, Isomap. MDS

- BYmioss

- BEASMIRIHEN, 1 - BOREFIREEENF
PEIX L ENIEEE RUHE SBEENFLE

« FHIER IAFUIRELS T, * FEFIFTUEELER S
FIHER—EIRTHERE 1E%3
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NEFS

- BUREEE—F "FE"
AURREY, BATFIHFRT
AEEG;’AMIU\W%: }‘}\ﬁ'ﬁ
LHRBIR AR AL
= BERFRNERE
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RELU RELU RELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl

LN N
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/ = :/'_|\ _ﬁ_'ml ~ Output
EINZF—
Output Output Mapplos from
features
Additional
Mapping from Mapping from layers of more
Output
features features abstract
features
Hand- Hand- Simpl
designed designed Features ons
features
program features
A A A A
Input Input Input Input
! Deep
Rule-based Gliste learning
0 X machine
systems learning Representation

learning
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« B RFE I DIRREARES
- PIUNEMESIERES, —RFEDE. WMINE. @iEDH. BXD
. IBMHEEEARE

- MBI, (ipEFRIESS B RTAR— 5
- EREHE, BRI RS R

* inZliRs>, %7L&¢TLG%E&I‘MEMﬁ,E§%%
ESERBR, PRESEAFEANT
< IEGEIES WANEE a9, %Zﬁﬁ{%ﬁ%ﬁé
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REARETT
R

RN

BT RMREITRE, 1 “HKE" i, eBEIRETRIENE
YR, MBS L AR TTPARTERAL; ANSREAE TR AT — "E(E"
BLACHSHENE, Bl "XE" &k, BEEHETRENFYR



L2 R 2R B PR— A B R R 28 5 S A

* ABYEIRFETAIRRE, BIANSZMNEEEFIEE
cHETHAEER, EENEMHETZERIEE (34)

* f#iZ N Hebb’s Rule  (SRARATEEMEARIE)

"HHZTT AR—MBSAIEETBIRIE, BN B4,
FEFFN, ESSS5TIHETTBINRE, ABAEX M
ZaHEPZ R ERMERIIEEEFUSEN, BT
FREETTAEREREFEZTTBIXNE R —, BRINBEIET . "

—--IIEX RS Z Donald Hebb,
(T REER) |, 1949




L& ] E— A T HETT
M-P #£2TTHEEY [McCulloch and Pitts, 1943]

RN REEfEn MR SRS . BEAz= i wix =0
IRIGAAES » RARIAR s s

O PACSEEREN L y = £
DR OR MEnREAR [ [ \y me
iﬂégﬁh'—ﬁﬁ—znﬁ’ﬂlﬁd{ﬁ_ﬁ J R [ o >

I BECEREEROLIRIL ol i e
155 .
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L2 23 [al B — A THReE R94%

* NTHERBIGER, SR, ZIE ARG RS

« BRENATHETTEREETA, FRAETZBINERN
T TARNE, SMERRT M TRYBE— PRI
AN, NMEBFHTHEN

M om

s BT RAER—TMSERS, RERMTRIVEREISENN
BitE, MAZBERY, BRELE, RFEHENH
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L ) Z3 (Al B — Bl E R EL

Leaky ReLU

max O L, :1:
tanh Maxout
tanh(z *  max(w] T + by, wlz + by)

SlngId

- 1—{—@‘“c

ELU
z>0
a(e*—1) =<0
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Input Layer Hidden Layers Output Layer

Gitmips 4 Lmags
LTS

Comslutions Sabuamping  Conoletiens  Sebumgiing
W (omection

(omnection

REBTAME

Hesse e ccen e
O o, 0, 0, ? . Lt
; oput ¥ A oapat
V , \% VT VT . » » ;
W ) . s ! B Nl | D |- ;

s w -1 t t+1 T e T ] LD e 14
Q} =) — 00— ?“, 45 % X .
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L2 LS BIR—A T RE M EF S

* R LRSI RIN Wij < Wi + XY T EEIEE

Fx 5 y;ERHEEGE, BD x5 y,RBALE, BBA wiSHEX
ExHHE, y; 50E), B x AIE y; A%, BBA wi BN

- RN SR wij —wi +n(y; — 9% BEEZISE
ETUEEA, BESERNNE;
EITUESE/, EITSERNNE

- REEERE, BRTZEMENBHFEIRM  shssI5E
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TR A SR

- Bk AR

« 19434, (HIEE 3R McCullochFIEIE3R Pitts 12 HE— MK TTEFERY
BIM-PIEEY, MEIE HIFER T A T#HE MR BT EEFNIZIEREL

* 1948%F, Alan TuringfiiA T —Fp "BEER" , IEFHDENZS
* 19494F, Hebb & 3R The Organization of Behavior) —3, 12 HAEYIHETT

S SRIHIR, BDHebbZSIHINI

« 19514F, McCullochfIPittsgI54Marvin Minsky32i& 7 E— &SR ML

., FRAISNARC,

* 1958%F, Rosenblattix FAEH AT LURIMASSRANRE DA R SIREY,

KOHUMZE (Perceptron) &8, RHT—MEEATFAEXEILRE (AL
i) NEIEE

* 19604F, W|dr0W*DH0ﬁ?IEtH§JEr_ LitizoT (Adaline) tREUANER/NY

FEIE




LIS A R SE

« BTMER: MKGATHA

* 19694F, Marvin Minsky # Seymour Papert&zZ {Perceptrons) —3, g
RN REFRRIEA T DR, ZEMEHN)IGELZETRE, &
BEmMET2EM "KGTEE"

. ég%fﬁ TafEKZAYPaul Webos &ZBE [AMEREEEL, (BT RZEING
JEETA,

+ 19804F, Kunihiko Fukushima ({E@B#BE) R T —MHEIRFIFRE
BENZ EHERL . FiEIUL (Neocognitron)




LIS A R SE

FBEMER: RAEEEASIERIEX

« 19825F, YIRS HopfieldXI LM LEE | NBEEREAIES, FHRETH
FEABICIZAUATTERIMEE (FRAHOpfield48) , EIRITRSIERE £
IREHNRIFER, SIERE

. g?ﬁ’i. Geoffrey Hintonf@H—FBEN LR A Hopfield®I%%, BNH/R%%

+ 19864, David Rumelhartf]James McClelland3JFBrs53E N E LT EH R
mESEMPIR BIRE T £EveE, HEMABTRAEGEEX

« 1986%F, Geoffrey Hinton A¥G 5 I NR[AMEIBRIAEIZ ERAIES

« 19874, |EEE TEEENIMN BT S B E—EHEMNEEFRRI (ICNN)

+ 1989 £F, LeCunFE NG RAEBEIAS INTHIHEME, HEFEK
HFIRB_EBUS TRARIEID
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TR A SR

- SBIORTER: AATEREE
- £ ZOEQEQOETJCEF'HJ? St I RCHILSHFREN AR ES

TREIFHRGE

< HHHZE, ?W"IW%H’JEM%&HT TS, ATRRRRIEE,

NGFRREMDE, BERBRIARN —RBAEE.
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« BRME: FREFIMIEE

* 20065F, HintonZE AR TIRE(ESME(DBN), RIS ERIIRELE K
zﬁﬁjru%iﬁzii@f—:ﬁﬂllﬁ, BRERMEEE L TRENAHITER
==

« 20124F, Hinton ZB&iNImageNet £33, {5/ CNN &R BT 8 =510
BoRNRGTESFRENEE

* 2013%F, AlexNet: E—PNIUCRESTRMEER, BREZIFAETE
&% FEVEEIFSEEIF S, AlexNetARFEFIIZFI0EE) 1%, ExRfE
AT RSIUCRERMBHIA

s HRERITE, AEUEIHARIERE, TEREANNKIERT, HEREFS
%%%ﬁ%’mm% BARESNE. 155 RBISERSTIFEEE TR

Images & Video Text & Language Speech & Audio
flickr pu=ie 40y REUTERS 9

. A h
Google 'ﬁ=§s‘§ﬂ ) APAssocwmdPress
(11 Tube B WA




NEFIEUS T ERRVHE

. Eﬁiﬁ%ﬂ: MR EOETE =R BISCHNIAEER 9% RIS, K8
x>

* AR&iIRA]: FacebookBIARZIRABIZRSGEDeepFaceikZ97. 53%6H T/

R, KEIASKE

- Ef&iARY: K{EImageNetE(REERRE L, IAZ4.94%HIEIRER,

{BF A5, 100R55IRE

* AtIIFE: AlphaGoll4: 1R9EEEIMZHA, MasterfEEIER

HEERIR, BERFESF, BUS60805RAMHE




REFIN (—)
- (EREIRHITERY B!

m EotEES —

- BEREESRNRIKES R

CCEE

- AILABE (ERE S SIERE RS
it

Deep Learning

Performance

Traditional Machine
Learning Algorithms

Amount of Data
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AEFIME (D)

c FEEHIETRE
- AFRFLHIEERERIING, BEMNILULHRIFIEE. Xe2iHkk
THEFH R IRFIE TR,

< BMNEE, ZTEHIR
- RER I ES BIE R RIS

- BERENERE
- REFIR—FARUILE, AARERTHRDRATRE

REFISIE



AEFINKREBESE

- SREESIES

REREFIBNAFLE, EXIEENTRE, REFIEHIE

FERIG, (EE)IG8IRE, I/

109
108
107
106
10%
104
103
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10!
100

Dataset size (number examples)

1900 1950 1985 2000 2015

ﬁﬁ%ﬂﬁMB&Um@&

(FREFISE) 2025/2/27

8
I
i
!

DHa



AEFINKREBESE

* HREFRAVERZIZEN
BERE S I EAEERATEA5000 MREFAER F—RREAZT
LAz AI4RE
. %ﬁ&"ﬁ 1000 B MRERAREIEREBTIIG, BRHAREHRTASE

REFISIE



Connections per neuron

AEFINKREBESE

- SHIREIREINIR
- BMEETTHOE RN E B AL ARTER— 4@ %

. BIERNZHEHIT (Widrow and Hoff, 1960)

104
. WZAE#L (Fukushima, 1980)

. GPU-f# %8 /% (Chellapilla et al., 2006)

103 . WEH/R%ESBH (Salakhutdinov and Hinton, 2009a)
. RMEEBRS (Jarrett et al., 2009b)

. GPU-i# ZEEMHL (Ciresan et al., 2010)

. AR ESER (Le et al., 2012)

. Multi-GPU #%8M#% (Krizhevsky et al., 2012a)

102

. COTS HPC B &R (Coates et al., 2013)

10!

. GoogLeNet (Szegedy et al., 2014a)
1950 1985 2000 2015




AEFINKREBESE

- SHEISAUREINIE
» FEERIEEEAE TR/, EIASINBRRETTLAR, A THIZRL
OIS ALYE 2.4 T A—13, IRHRIXANES, ZOF211HE5 05,
7 B AR BT

1010

o .

3 2

g 100} «(Octopus)
2 owf A

§ rp e -

S 106

j i‘(:s - - — _:\ Bee
pg 4 Ant

% 103 -~

g 102F

5 100 | ;

< 101}

E! 10—2 L L
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<€—| Sponge
1950 1985 2000 2015 2056
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AEFINKREBESE

- SHEBNEENSRELR S H RS

< REFIRMAEERFITIEE D —BERS, RERIEFEAIIT
5 R R T skt 52 ROSERRIA)RR

. ;f?gﬁfﬂlm?ﬁfflmageNetE’\J?)”uﬁiH%U}‘Jl‘.ﬁfﬂ%top%%i%%})\%.1%|3§§|J
. (1]

 REZISINEEEFIRIEREREA TR, EERET—F

- REMEET AMENFIEGS P HEE T ATENRTD, HEER
BirED 2 EBS Tt A IR

- EREMBHHEIBERSEN, FTLMRRIYEStEREER

- SERRER. VISSENE. ERGFIR. ERENE

- REZINS—PRANREE 2HFS ( reinforcement learning)
MFNY B REBUEIRS, seFahtAarni ik, TEE, T2k

CREFIMAHESE (BmSE) . F (RIEERSY) . YR (ERT
FFhT) EFRMMHRE
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INE TS N R R AR

8 x 8 input 32 x 32 samples ground truth

FIFBA T e mIessR
HFE D HERENRA
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RGB-Input
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INEF S N A —XUsiERE

AEFIEELATEER
HEIRE  ERFURE
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Google

20 *AEEIE

P KE WE wNEK - w xn exom ew - [N

‘ Googlet#2H MBI AN, FRARRBMEARLMBE F TR, FEBHYT * ;T:g:;‘ﬂ'ﬂ N:'Jro Machine ITFEHS“;;“"" 5)'5!9'"' is 9"3‘(‘185‘9- The system °V0'°°l"‘95
3 > 3 3 y lenge of working on large data sets, no longer decomposing sentences into
g;ggﬁg:’?gnﬂ ﬁ?ﬁ“‘f:;ﬁ;];n‘g BT SOR-85KRLE, B independent translations of words and phrases, but translating complete sentences,
iEFA T Google Trans Y 2 reducing errors by more than 55%-85%. This technology is currently used in Chinese-
English translation of Google Translate.

R nzsooo | 0 © 7 mepEmy

Googie shénjing jigi finyl xitting midnshl. Gail xiténg kéfu z3i déxing shijl ji shang gongzud de tisozhan,

0 224 jfang izl 18njié wel cf hé dudinyd ddd tanyl, ér shi fanyl winzhéng de jizi, shidé wicha jiangdile
55%-85%ylshang. Miqian zhé xidng jishs yljing ylnybg yu Google Transiate de han ying fany),

w2 e !

MzhHz , FHOATH , B, X FLEFAENE , AELEFRENE |, XA 2R,

mEBREEL , YA, RBRASBER , BT—2/L.

KABUESS , RREZBR, LEFRERBERTHEKS , SIS ALEBES 4RETINA,
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o) = 1+ exp(—x)
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exp(x) — exp(—x)
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= HEIERREL
ReLU(x) = max(0, x)

!

LeakyReLU(x) = max(yx, x)

— ReLU
Leaky ReLU
PReLU;(x) = max(y;x, x) -— ELU
---------- softplus
softplus(x) = log(1 + exp(x))
ELU(x) = max(0,x) + min(O,y(exp(x) - 1))
Glorot et al. (2011a) Ev4R 7 softplus —4 -2 __
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BEAER{EAsoftplus EREY
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swish(x) = x ;(ﬁx) :
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Ramachandran, P., Zoph, B., & Le, Q. V. (2017). Searching for activation functions. arXiv preprint arXiv:1710.05941.
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DELEREREL
s BEMRELZMETT (Gaussian Error Linear Unit, GELU)

GELU(x) = xP(X < x)

HAP(X < x)2BHDTN(Mo 2 ) NERDHERE, HPucutEs4y,
—H@ig = 0,0 — 160

BTS2 HHNERSHRECISEREL, FELtGELURTLARTanhiR
#ak LogisticERESRIL{L

GELU(x) ~ 0.5x (1 + tanh (y/2/(x + 0.044715 x%) ) )
GELU(x) ~ x0(1.702x)
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Logistic BB%L  f(x) = 1+ex:(—x) (@) = fx)(1 - f(x)
Tanh it f(x) = S0-owCo) f'x)=1- fxp?
exp(x)+exp(—x)
ReLU B %X f(x) = max(0, x) f'(x)=I(x>0)
ELU &%k f(x) = max(0,x) + f/(x)=1I(x>0)+I(x <0) - yexp(x)
min (0, y(exp(x) — 1))
SoftPlus %L f(x) = log (1 + exp(x)) flx) = 1+ex;(_x)
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KerastiEN| ]

https://keras.io/examples/

from keras.models import Sequential
from keras.layers import Dense, Activation
from keras.optimizers import SGD

model = Sequential()

model.add(Dense(output_dim=64, input_dim=100))

model.add(Activation("relu"))

model.add(Dense(output_dim=10))

model.add(Activation("softmax"))

model.compile(loss="categorical_crossentropy', optimizer='sgd’, metrics=['accuracy'])

model fit(X_train, Y_train, nb_epoch=5, batch_size=32)

loss = model.evaluate(X_test, Y_test, batch_size=32)

(FEFISE) 2025/2/27



PytorchfRiEA]|’]

uralNet(nn.Module):

(self, input size, hidden_size, num_cl

r{input_size, hidden_size)
Q

self.fc2 = nn.Linear(hidden size, num_classes)

f forward(self, x):

out = self.fcl(x)
out = self.reluout)

self.fc2{out)

return out

@55e5):

model = NeuralNet(input_size, hidden_size, num_classes).to(device)

# Loss and optimizer
criterion = nn.CrossEntropyLoss()
optimizer = torch.optim.Adam(model.parameters(), Ir=learning_rate)

# Train the model

total_step = len(train_loader)

for epoch in range(num_epochs):

for i, (images, labels) in enumerate(train_loader):

# Move tensors to the configured device
images = images.reshape(-1, 28*28).to(device)
labels = labels.to(device)
# Forward pass
outputs = model(images)
loss = criterion(outputs, labels)
# Backward and optimize
optimizer.zero_grad()
loss.backward()
optimizer.step()
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PytorchFHUETHE

CLASS torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0,
SOURCE
dilation=1, groups=1, bias=True, padding_mode="zeros"') [ ]

Parameters

¢ in_channels (int) - Number of channels in the input image

out_channels (int) - Number of channels produced by the convolution

kernel_size (int or tuple) - Size of the convolving kernel

stride (int or tuple, optional) - Stride of the convolution. Default: 1

padding (int or tuple, optional) - Zero-padding added to both sides of the input. Default: 0

padding_mode (string, optional) - 'zeros', 'reflect’, 'replicate’ or 'circular'.Default: 'zeros’

dilation (jnt or tuple, optional) — Spacing between kernel elements. Default: 1

groups (int, optional) - Number of blocked connections from input channels to output channels. Default: 1

« bias (bool, optional) - If True, adds a learnable bias to the output. Default: True

»>>> # With square kernels and equal stride
»>>> m = nn.Conv2d(16, 33, 3, stride=2)
»>>> # non-square kernels and unequal stride and with padding
»>»>> m = nn.Conv2d(16, 33, (3, 5), stride=(2, 1), padding=(4, 2))
»>> # non-square kernels and unequal stride and with padding and dilatien
>»>» m = nn.Conv2d(16, 33, (3, 5), stride=(2, 1), padding=(4, 2), dilation=(3, 1))
»>> input = torch.randn(20, 16, 50, 100)
{ »>»> output = m(input)
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Pytorch/RRYBIL/E

CLASS toxch.nn.MaxPool2d(kernel_size, stride=None, padding=0, dilation=1,

return_indices=False, ceil mode=False)

Parameters

kernel_size - the size of the window to take a max over

stride - the stride of the window. Default value is kernel size

padding - implicit zero padding to be added on both sides

dilation - a parameter that controls the stride of elements in the window

return_indices - if True, will return the max indices along with the outputs. Useful for

torch.nn.MaxUnpool2d later

ceil_mode - when True, will use ceil instead of floor to compute the output shape

»>>> # pool of square window of size=3, stride=2
»>>> m = nn.MaxPool2d(3, stride=2)

»>>> # pool of non-square window

>>> m = nn.MaxPool2d((3, 2), stride=(2, 1))

>>» input = torch.randn(20, 16, 50, 32)

>>> output = m(input)

Sie) 2025/2/27
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Large Scale Visual Recognition Challenge
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* 2012 ILSVRC winner
* top 5 error of 16% compared to runner-up with 26% error
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—
11x11
s=4

55%55 x 96 27x27 x96 27%x27 X256 13x13 x256
/)
O
e
MAX.POOL =S (C
— — — — = | — —0
S;:Dz 3x3 3x3 : : g ~ Softmax
|9 1000
13x13 x384 13x13 x384 13x13 x256 6x6 x256
9216 4096 4096

[227x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5xS5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] -5 4096 neurons

[4096] -7 4096 neurons

[1000] ~C&: 1000 neurons (class scores)
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image size 224 110 26 13 13 13

filter size 7

lsnide 2 | : ,kiﬁ C
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stride 2 orm. g
unit softmax
®3 55 2
N 2
Input Image

Y
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cE—BEER: 111 $1E 4 - 7x7 $ig 2
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ImageNet top 5 error: 16.4% -> 11.7%
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HARIBIARIZE—VGG

- ENIOtR, E/NEIE, R
* 8/= - 16-19)=

- RE3CHIERZ, SIENL,
NN

* 2RI, RS2

— 7.3% top 5 error in ILSVRC’14

AlexNet

11.7% top 5 error in ILSVRC’13 (ZFNet)

(FREFISE) 2025/2/27

l Softrnax I | FC 4096 I
l FC 1000 I I FC 4096 I
o2 1 [ o1
| Fcao06 1 | |
1 | 1 ]
| ] ]
1 ] 1 ]
1 | 1 |
1 | 1 iz 1
| | | 512 |
1 ] | 512 ]
1 | L 3x3conv, 512 |
| Pool ] 1 Pool |
| 1 L_3x3conv. 256 ]
| ] L_3x8conv. 286 ]
| 1 1 Pool |
| ] [ 33conv. 128 ]
1 | L _3x3conv. 128 |
1 | 1 Pool |
1 ] L _38cov. 64 |
1 ] 1 3x3 conv, 64 |
L ] | Input J




FC 1000

HAIRISEFTAME—VGG

I FC 4096 I

| FC 4096 I
FC 4096

Pool

| FC 4006 ) L38conv. 512 |
. %1+ZE/J\E"J@ (3X3) 1 Pool | L33 conv. 512 ]
- I SRIBTRME TS e I erecaem |
Eﬁsu_/l\7x7gg1ﬁ|§_| L_3x3conv.512 ] L33 conv. 512 ]
I 3x3conv, 512 | [ Pool |
1 Pool ] L _3x3conv. 512 |
1 512 1 L_3x3conv. 512 ]
1 512 1 [=@conv 512 ]
I 3x3conv.512 | I _3x3conv.512 |
1 Pool ] | Pool ]
I 3x3conv,256 | I 3x3conv, 256 |
I 33conv.256 | I 3x3conv. 256 |
| Pool | | Pool |
| 3x3 conv, 128 | | 3x3 conv, 128 |
L_3x3conv, 128 ] L_3x3conv, 128 ]
1 Pool | I | Pool |
I 33conv. 64 | I 3x3conv.64 |
1 3x3 conv, B4 | 1 3x3 conv, 64 |
| Input | | Input |

VGG16 VGG19
(RE¥ISIE) 202502027 - - ~ _ - e



| —~ L__Softmax | [_FCa006 ]
'ﬁﬂi'gg Eg %*,El M gg—VG G L_cioo _J | FC40% ]
o2 1 [ o1
. | FC 4096 J [S3conv iz ]
* A ABENZ (3x3) ( ] )
* 3P 3x3AIETUEHIMERAIB R [ ] ]
E‘ﬂ]—/l\7X7E"J1‘E|§_| 1 ] L _3x3conv. 512 |
- BRNERE, F&tER |I — : : — :

. B N [os] 3x3 conv, 512
SHED - 1 |
1 J | |
| onv_ & J | |
| Pool ] 1 Pool |
I 3x3conv,256 | I 3x3conv, 256 |
1&1&%}%(:@@’ %&/Pﬁ L33 cow, 256 ] I 3x3conv. 286 |
| Pool | | Pool |
| 3x3 conv, 128 | | 3x3 con |
3(32C2) VS. 72C2 L _3x3conv.128 1 I 3x3conv. 128 |
1 Pool | 1 Pool |
L S3x3conv. 64 | L _3x3conv.64 |
| | 1 3 |
| ] 1 |

(FREFISE) 2025/2/27



* INPUT: [224x224x3] memory: 224*224*3=150K params: 0 m
* CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728

* CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
+ POOL2: [112x112x64] memory: 112*112*64=800K params: O

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

.

TOTAL memory: 24M * 4 bytes ~= 96MB / image
TOTAL params: 138M parameters

(FEFISE) 2025/2/27




=
HAIRGETALE—GoogLeNet =

]
« 2014 ILSVRC winner (6.7% top 5 error) —\%;
- BRI (228) , iRBFCE, Bit8dEs =
« RB5M 244, tLAlexNetiI60MS#RT1/12 SFalee

« A%/ NinceptiontE AN EBA TR EHSTIAL =

B i
Filter -] i |
concatenation \\\'//

Previous Layer

Inception module s




BRIAIEFIRIZ8—GoogLeNet

Filter
concatenation

3x3 max
pooling

. 7 —

Previous Layer

EREHE FHHERRARRTE T
Naive Inception module

. %é%gﬂ@%qﬂ, IR ESRENEFRZANE— TP REN

* Inception[EAYfEAL x 1. 3 x 3, 5 x 5ZHEARA/NIETMZ (XY

NARRSZEF) |, SERIRHERSITERE LBkt
RHERREY

REFISIE



BRIAYEFIR 28 —GoogLeNet

28x28x(128+192+96+256) = 28x28x672

F»Iter
concatenanon

28x28x128 28x28x192 28x28x96  28x28x256
Ty

i 3x3 &)nv,

1x1 conv, \ 5x5::onv, ‘
2 96

I 3;pool I

Modle input: TEREE SRR
X256

Naive Inception module HEEREL
» Conv Ops:

* [1x1 conv, 128] 28x28x128x1x1x256
* [3x3 conv, 192] 28x28x192x3x3x256
* [5x5 conv, 96] 28x28x96x5x5x256

* Total: 854M ops

(FEFISE) 2025/2/27



BRIAIEFIRIZ8—GoogLeNet

« {EEf“bottleneck” B (1x1EFH) FKRMHERE

2PN IxX1BFH

6 ) 56

BMZA/INALXIx64
THE6AHERI R EAFR

56 56

BRERF AR
32




BRIAYEFIR 28 —GoogLeNet

1x1 conv “bottleneck”
layers

Naive Inception module

Inception module with dimension reduction

2025/2/27




BRIAIEFIRIZ8—GoogLeNet

» Conv Ops:
28x28x480 . [1)(1 conv, 64]
= 28x28x64x1x1x256
concatenation * [1x1 conv, 64]
28x28x64x1x1x256
28x28x128 _ 28x28x192  28x28x96  28x28x64 * [1x1 conv, 128]
- 7 \ ~ 28x28x128x1x1x256
1x1 conv, 3x3 conv, 5x5 conv, 1x1 conv, « [3x3 conv, 192]
128 192 96 64 28x28x192x3x3x64
28x28x64  28x28x64 28x28x256 * [5x5 conv, 96]
1 1 1 28x28x96x5x5x64
i ;:nv’ I 6°°m" 3x3 pool * [1x1 conv, 64]
~__ k“/' 28x28x64X1X1X256
MOdU|e ianIt: Previous Layer
28x28x256

MTotal: 854M opsfERl T Total: 358M ops

REFISIE



Inceptiont=iR v3

- BZ BV NETISRE IR KINETRZ, LUBMTEENSHE.
- (EFME3XMIETARE v 1FAY5XHIBTH
o {ERELEAINX A0 LXnSRE nxnfYEFH,

Filter Concat

Filter Concat

|3x3| I3x3| |1x1|

|1x1| |1x1| |Poo!||1x1| I I
I/ i i
I1x1] I1xL] IPooIl I1x1l
|Base| I

Figure 5. Inception modules where each 5 x 5 convolution is re-
placed by two 3 x 3 convolution, as suggested by principle 3] of Base
Section[2,

Figure 6. Inception modules after the factorization of the n x n
convolutions. In our proposed architecture, we chose n = 7 for
the 17 x 17 grid. (The filter sizes are picked using principle[3)
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HAIAIEFIMZE—ResNet

- FEBTURERE_ ERUTITRE, |G ErsiRss FF

Training error

\j\%ayer

Iterations

56-layer

Test error

Iterations

FREUEEH



HARIANEFR ] 28 —ResNet
RS SRR, HRAERE|%
- BEEW LREREAAARENES, EAELETITS
T E RO R

. Jﬂi{%}%ﬁﬁﬁﬂ’ﬂﬁﬁﬁ%‘%mEUiET%JEffEi”E’\J{EEJ%, HRNSEERENES

REFISIE



HAIRIEFAMZE—ResNet

 BRZENM4E (Residual Network, ResNet) RiEid#aIFLtE
ST S R SRR R (S S S EE,

 BRRE—DNRERET, ibﬂ]ﬁﬁtf—/\ﬂl%%riﬁn (ATLAA
—ERZRIERE) F(x,0)XEBIA—BIREEIIh ().
- B EIRREGR D RMIERD : [ESREFNAERL

+— H(x) = F(x) + x o I relu
H(x) F(x) + x
h(x) =x+ (h(x) — x) |
N N Irelu F(x) lrelu N
TEv@éﬂZ ﬁﬁﬁ@éi identity

f
F(x,0) X

X
“Plain” layers Residual block

REFISIC



ol ]

C—CoJ)e—— NoFClayers
2 besides FC

1000 to
output
classes

BIRYAGSEFARIZ8—ResNet

* 2015 ILSVRC winner (152
B, 3.57% top 5 error)
 AREERINIRRMLEE

» ZEILSVRC’15§1COCO’15
BFrE D XA LR

HEHRREXF
3x3 conv, 128
) filters, /2
F(x) +x l - iﬁ?cfi: gy v
3x3 conv, 64
F(x) filters
- BREFRITILEIR
- BVRERBETHA :
IHIBTRE Residual block
= <«4——— Beginning

2025/2/27 :@ conv Iayer




BHRIFYGFIMIZ8—ResNet
* A “bottleneck” EXLHIEER

28x28x256
output
1x1 conv, 256 filters projects
back to 256 feature maps
(28x28x256)

3x3 conv operates over
only 64 feature maps T
1x1 conv, 64 filters
to project to

28x28x64 28x28x256

input




Top-1 accuracy [%]

HARETRNE SR EXILEL

80 Inception-v4
80
Inception-v3 ResNet-152
75
ResNet-50 3 VGG-
7 ResNet-101 Se.16
ResNet-34
70 —
£ Quesuel 18
g GnoqLeNel
65 3 EN
ges
o 3 © BNNN
© 60 5M - 35M  65M  95M - 125M 155M
55 BN-AlexNet
55 AlexNet
o N et aet PR
et et A% SF N2 N 50
P\e*‘\e*‘\ W %“ “ R \‘66 ‘\ 2 *“ev\\cﬁ‘ oo™ o 5 1o 15 20 25 30 35 40
%‘; e e" ?‘\ e Operations [G-Ops]

(FEFISE) 2025/2/27



BRI SAIERE R B
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SRR IR AIRE R B

- BliRERIaEIMERIRE
BRI

* KEARIREKATRARE DR
RXRERC

- BUREFAIEBE R T
TR, ZIEF ERMAISN
MR A (LGN)

* SMUBRIAAZ (LGN) 2
FXAY— MRS 4k

« IESTIBS R I MUBZIR R
ZIEREIE R




BRI R AIRER B

o SRHEMNEHRIRIT AEAVIFN="MER
* V1 5] TS BT
. gl BEFZERME, T N\NTENERZENEIRAIE IR
- BRI TSE BT S SRR A X LM R

- REETSERAE, FERUEMIVREE. RIFECERERENS
« BRTHIRIE




IBREE (V1) BB
SHIELEmA RS, 556
SRR
- SRS TVL, @idve, #

ERMXFIFEX (MT,

JIRVS) |, FRTEHRIATI /N,

SFEARY "oSiaEE
£ SABYAS AE A
CURAEERE RN, IR
BEATHEREY,

- BEiREE TV, HRREIV2,

V4, SENTFEAM (IT) . %8
BERIRN (REEL | 5
SyaEl, pInEzLRE.
ZER BT KX

and objects



SRR IR AIRE R B

. Eg})\vﬂﬁﬁﬁm, B ek

« FREZ TR N AY EHSASHIE ik
7%, M V1 RIERERE T &
HBtraks

* AT REHRERINEREXI N TAS M
M EERYX

. Tfimgﬁ*iﬁg{%ﬁj, TR RN [Receptive fields size] [ Features |
BPREN A SRR RANEINR A
E%E;E IT m faces

V4 @ objects
V2 D shapes

R edges
Vi NI

and lines

and objects

visual field

2025/2/27



SRR IR AIRE R B

dissimilarity matrix

« RIEBIE ST
(representational similarity
analysis), DR NRERED
BELERIINASRERIEER

* ABNRFHTE— P EpESE
MY, HPpYEARSHE
N EBINEINE R AR

dissimilarity

compute dissimilarity
(1-correlation across space)

Kriegeskorte, N., Mur, M., & Bandettini, P. A. (2008). Representational similarity analysis-
connecting the branches of systems neuroscience. Frontiers in systems neuroscience, 2, 4.
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g 3
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£
§

TuhiT)=0.03 . 7,(miT) = 0.08 7hIT) =012, Ti(miT)=0.21 ThIT) =015, TYmiT)=023 TANIT) =017 , Ty(miT)=0.25

ional)

Layer 5 (convoluti Layer 6 (fully connected) Layer 7 (fully connected)

Layer 8 (scores)

monkey IT T(NT) =017 TmiT)= 0.24 TA(IT) = 0.23; TymiT)= 0.29 T(hIT) = 024 Ty(miT) = 0.29 TT) =013 T,(miT) = 0.18
025 50 75 100

representational dissimilarity
[percentie of 1-r}

(FREFISE) 2025/2/27




Signal space  Pairwise  Representational RDM

activation  Dissimilarity  dissimilarity comparison Comparison
Stimuli patterns  calculation  matrices (RDMs) (Spearman’s R) Results
MEG Time points

l@‘

; save at (1,2)

MEG - DNN time courses

—Layer 1
%‘ —Layer 8
-100ms t 1,000 ms T
DNN DNN layers @
: -100 ms 1,000 ms
Q 2 Time
1 “‘O save at (1,2)
ANAAA
- %” 2 FMRI - DNN similarity maps

Layer 1

; save at (1,2)

vertex vs

Similarity
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izl Fl

- fEpytorcha & tensorflowsSEEIEFIHLE /LS, TEImageNetEE
& FH{TEI RS2, H3tdropout, normalization, learning rate
decay. residual connection, PRESREEESENT MRS

- HHESEIRSE, THEMETR, RERIRER

REFISE



2023FEZE (REFISIL) BE FNE

LIRS EUNL

T ERE ISR | EEESID
MBE4E: liandefu@ustc.edu.cn

FHl: 13739227137

FTA: http://staff.ustc.edu.cn/~liandefu
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RS ICHI i

A2 ( Optimization Landscape ) : {EE#EZS[E)-PIRACEREN
AORREFZAR

VGG-56 VGG-110

Li H, Xu Z, Taylor G, et al. Visualizing the loss landscape of neural nets[C]
(REFISE) 2025/2/27 /IAdvances in Neural Information Processing Systems. 2018: 6389-6399.
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PR ThF

BHRL(0)

(ALETERRR 67 = argmin £(6)

1. #)%Aaice°
2. B

a. IHEBEVL(e™)
b. E%ﬁ%ﬁetﬁat_1_

0° 0! 62 7]

0 >
\. L%

2025/2/27




PR ThE (—4#E)

RUEIERER 0" = argmin L(0)

1. #)%aie°
2. BE
a. ITEBEVL(O™)
b. BB, < 6, —[@vLe")

. P
Loss L

> 0,

(FEFISE) 2025/2/27



BEH B T BE
« SABIIERED = {(x™,y™W N, _

BETRE ’é;,/’g}ﬁ&})ﬁﬁqﬂﬁ’f%—%[éﬁi%l:
A B eAN kA e (FRabatch) , H+EIbatch LA
N Ty B SR

L(8) =%Z (y™, £(x; 0)) B L) _%Z Y0, £(x;6))

1
N

M=

B
VLy(6) = VL (y(n)’f(x(n); 9)) » VLg(0) = %Z VL (y(i).f(x(i); 0))
=1

9& . PRy
T HIRETRRA, Tihe & %}gi’fﬁ%ﬂa
WINRTFIERE gy N

REFISIE) 2025/2/27
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PEHEEE TBE vs. BB TP

HE T FEtVEEE ThE
X — BIMEISEER
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HEXNNSE

 MEXNARIMEEIE, ESRMEESE, —RA200RH
- BRI, BRSNS, SIS, JIbiEE,
R LUIR BRARF I

- WERNY, FERERIWIFIER, BUIEESTIN

| SGO(batchsize=128 leamingrate=0.1) SGD(batchsize=128 learningrate=0.1)

10 —— SGD(batchsize=256 leamingrate=0.2) 10° —— 5GD(batchsize=256 learningrate=0.2)
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—— SGD(batchsize=1024 learningrate=0.8) —— SGD{batchsize=1024 learningrate=0.8)
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e,
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Too low

Just right

1(0) “
\

1(0)

Too high

[

,

T
\\\ /7 |

A small learning rate
requires many updates
before reaching the
minimum point

(FEFISE) 2025/2/27

The optimal learning
rate swiftly reaches the
minimum point

Too large of a learning rate
causes drastic updates
which lead to divergent
behaviors
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Learning

Iterations

fterations.

BEERERIR (step decay) etz (Linear Decay) — 1/AEER; (L/t decay)
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PR T PEAYIEIRE &
Learning rate cannot be one-size-fits-all
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Bi&NF>)Z—Adagrad

- EEIERUS SUBORENTIIR Z oL (¥, £(x;6))
g —

B . aw
i=1
Gradient Descent Adagrad
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Bi&NF>)Z—Adagrad =
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g :E; E
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Learning rate can be one-size-fits- aII
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BIEN > —Adagrad

HEBE: g -7 5 L(f(x;0),y?)

FERERFHE: r<r+g90g

HEEH: A0 « — W(Dg BTN PR FISR AR E
MNFAEE: 0 < 0+ A0

2236 ERI, Xﬁﬁ)ll HREAREMSEEMS, MG
IRIRRBEBEF H2SEERFILRE BT SRR

REZISIE



BIiENF>ZE—RMSProp

1 0

wl «w? — Fgo 0% =g°
w2 < wl — %gl o' =Ja(6%)? + (1 — a)(g1)?
w3 e w? — % 9 0% = Ja(e)? + (1 — a)(g2)?
wttl « wt — %gt gt = \/a(at_l)z + (1 - a)(ghH)?
sl t
- | (092 = @+ (- ) @ (e
i=1
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\

iy
(o4
2l

—RMSProp

HERE: g 02 L(f(x0;0),y?)
FEFRESHRE:[r < pr+(-p)gog |

S+Tr
RFEEH: 0 « 0+ A0

Adagrad | RIS BE: r<r+g0g

REFISIC
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BN




—hE = MRS RN
=) | R bt ol il
R R AT

v
]mKL Movement = —|7L+

—) V]
EEEn > {:}J%
== Real Movement




L=y

vl = 2’ — nvL(8°)

| Movement = —VL+ F1& |

=P Gradient
=P MOvement

====xs MoOvement
of last step
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L=y

- v BB ERIINRA]

' =0 =0
vl = w0 — nvL(6°) vt = —nVL(8°)
v?2 = ! — nvL(eY) v? = —AnVL(8°) — nVL(6Y)

v3 = w? - nvL(6?) v3 = —A2nVL(0°) — AnVL(6*) — nVL(6?)

-i
vl = it = L(6t) i = -y Y AkTL(6% )
k=1

ot gilypt  TEBUORERES, HERBEN BT
(ERSEEHT




SNEZHMWIEE X

- BESHRTIESHRL (), KbTRMURENFIIZINE

- IRIBFIE A /() = 3500
B %588 mgh BEfmg
* SINEEv(t) = 6'(t) PMEEE 2 3877 kx

- EIVRERE (0)REETREREREL, BRAS (1) « —Vp/(6(0))

o)\ v(t)
(+6) = (o)
* F BRI A KR D 2 d—y =f(x,y)

*VYns1 — Yn = hf(xn' yn)

« KfE ARRYMD T REH

(o) =)+ () o (yian)




SNEZHMWIEE X

- SIERACINTBERIEE RE—RY, BPARFAREKEASE K
. g%ﬁ@iﬁﬁl’%@, —PNKEMILER—Iw g, EAEIB—IR, Kz
[3%]

« BRII—NEECT—v(ORIES, YIEAIE #AtEIED
- IR T IR/

- ESMEN
- BN
(o) = (o) + (@) 0 (e - cua)
= Vi1 = (1 — ce)vy — €Vp] (67)
Ons1 = On + hoy
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without momentum

with momentum

-0.5

1.0 4
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Nesterov =

shEsEHh

Velocity

actual step

Gradient

EERENEREREFINE

Velocity

NesterovilE B

Gradient

actual step

INEERETIEINE
ﬂmﬁﬁ%ﬁﬁﬂi

THUEHE,



Nesterov Zh&E)%

ﬁ%ﬁﬁﬁﬁ:ge%%ﬁﬁf@ww)ﬂw
EE  TESEES ve - cg
NAEH: 06 <0+v

Gradient

Velocity

actual step

NAIGIEH: 0 « 0+ av
gj;tfgv HERBEIRT): g « = Vo 2 L(F(x©;8)[y?)
= IHHRMEEH: veav—eg
NAEH: 06 -6+v




RMSProp+ Nesterov &fj&=

RMSProp

RMSProp
+Nesterov FIE

WERE: g« Vo2 L(f(x©;0),y?)
ERTESEE: rpr+ (11— p)gog
THEEH: A0 « ——0g

MNFEFT: 0 « 6 + A0

HEIGITEH: 0 < 0 +av
TTERE: g« %Vg 5 L(F(x®; 8),y®)
FREGBE: r<pr+(1-p)gOg
HEEEH: veav- % Qg
NFEH: 0 <0+ A0

HEFRT4ERIEHEE



Adam

HERE: g %Ve ZiL(f(x(i); 9)’3,(0) EUFhE
t—t+1

Eam e [sle pis+ (1 —p)g
EIEm_MEGIT: r<pr+ (1 -p)g0g
IETE—MIERIRE: § <

1-pf | 5
EEIERIRE: 7 « — | REEE |

1-p}

HEEH: A« ———03
5+\VF
NFEEHT: 0 < 0+ A0 p1 =09

p2 = 0.999
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Momentum
NAG
Adagrad
Adadelta
Rmsprop

SGD

= Momentum
- NAG
V.17, —
I//I”’I/I/I/l/'”/ll Adagrad
A Adadelta
4507

Yirgy
iy
IR
T KRR
SRS
BN
S ;,:{'/9"0"

1.0




IR RSOR/NG

« KB MBI R LMER TEATURS— A HE:

(LR IAFEFR

(04 %5 5
L_M,,

\/G; +¢€
Gy = P(81> "> 81t)s

M; = (g1, ,8¢t) BERHISIE | Btk Nesterov DEBHIE  BOIE AL

LERTTE ‘ Adam= &) &% + RMSprop

A9t=—

[ E R ZI A | B RO R TN RE L (18 ) FR MR R R R R

22]

RS2 % | 321 % . SGDR

ES R

BG4 5% | AdaGrad RMSprop.AdaDelta

9. NEBCEHIBE

o, FEEEIE T




SEUIH

SHARAIIRI 0! AA?
- MFRALE AR

- Mt
- FIE5ABE
- REWATIAH
- ERETAN (RE (Bias) EHF 0 RAMAMK)

REFISIE




bRl

« Gaussian> fa#IEAH,

- SHNEEIE (Eano) fMEESZE (Ebgno.01) AYGaussiansy7m
BTREN IR,

W = ¢ * np.random. randn(fan_in, fan_out)

- SR IEMN By 2
- SEELERE -, | PIREID DTN EZZ?E«(/TW

W = r % np.random. rand(fan_in, fan_out)

EXEMERTERAE, BRREMNEMERAEE
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B HIE LAY
i M s s, o BEESSERMEGE T

hidden layer 2 had mean -6.000001 and std 0.847551
hidden layer 3 had mean -0.060602 and std 0.010630 = s
hidden layer 4 had mean ©.600001 and std ©.002378 . ]_OE §l§500/|\¥$g§75
hidden layer 5 had mean 0.000002 and std 0.000532 ! - e,

hidden layer 6 had mean -0.600000 and std 6.000119 %tanhﬂE%I&&ﬁ %/J\
hidden layer 7 had mean 6.600000 and std .800026 = ]

hidden layer 8 had mean -6.600000 and std 0.000006 Y 3

hidden layer 9 had mean 0.000060 and std ©.600001 B J-l, )J (=]

hidden layer 10 had mean -6.600060 and std ©.000000

layer mear layer std

- RS
@A |

155E T04 55500 5T 10058 Tod

W = 0.01 * np. random. randn(fan_in, fan_out)




PEAEIIRCRYRIRR

input layer had mean ©.001800 and std 1.601311

hidden layer 1 had mean -0.000430 and std 6.981879
hidden layer 2 had mean -0.000849 and std 0.981649 SELS S, A,
hidden layer 3 had mean 6.000566 and std ©.981601 ‘%&‘E@é&iﬂutﬂ@*u Eﬂu H:ll
hidden layer 4 had mean ©.000483 and std 0.981755 1BAL !
hidden layer 5 had mean -6.600682 and std 0.981614 1l:l 7w 1
hidden layer 6 had mean -6.000401 and std ©.981560 -4, & O
hidden layer 7 had mean -0.000237 and std 0.981520 Is2. />
hidden layer 8 had mean -0.000448 and std ©.981913
hidden layer 9 had mean -0.000899 and std 0.981728
hidden layer 10 had mean 0.000584 and std 0.981736

layer mean ayer sta

2
] .
oo
0 . .
/ 3 . 0! .
¥
\ . y .

W = 1 % np.random. randn(fan_in, fan_out)




Xavier {3814,
input layer had mean 0.001800 and std 1.001311 mj’l’ljji/]/j ﬁ

hidden layer 1 had mean 6.001198 and std 0.627953
hidden layer had mean -0.000175 and std ©.486051

hidden layer had mean ©.000055 and std ©.407723
had mean -0.000306 and std ©.357108 3 3
had mean 0.000142 and std ©.320917

2
3
hidden layer 4
5
hidden layer 6 had mean -0.000389 and std ©.292116 U
7
8
9
1

hidden layer

hidden layer had mean -0.000228 and std ©.273387 . ) N
hidden layer 8 had mean -0.000291 and std 0.254935 f f

hidden layer had mean ©.000361 and std ©.239266 J an_ln an_ln
hidden layer 10 had mean 6.000139 and std 0.228008

layer mean . layer std

-+ W = np.random. randn(fan_in, fan_out) /np. sqrt(fan_in) (slorotetal., 2010]



Xavier JJis{LAYAIRT

input layer had mean ©.000501 and std 0.999444

hidden
hidden
hidden
hidden
hidden
hidden
hidden
hidden
hidden
hidden

layer
layer
layer
layer
layer
layer
layer
layer
layer
layer

-

2
3
4
5
6
7
8
9
1

had
had
had
had
had
had
had
had
had

a

coooo0000

398623
272352
186076
136442
0899568
072234
049775
035138
025404

layer mean

and
and
and
and
and
and
and
and
and

std
std
std
std
std
std
std
std
std

cooooo0o®

582273
403795
276912
198685
140299
103280
072748
051572
038583

0 had mean 0.018408 and std 0.026076

L4 (FFAEReLURT,
HENEIRO

layer std

W = np. random randn(fan_in, fan out) /np. sqrt(fan_in)

e

51570

%o

15302530 30551015303530

15




s
input layer had mean ©.000501 and std ©.999444
hidden layer 1 had mean 0.562488 and std 0.825232 as)
hidden layer 2 had mean 0.553614 and std 0.827835
hidden layer 3 had mean 0.545867 and std 0.813855 B om
hidden layer 4 had mean 0.565396 and std 0.826902 &
hidden layer 5 had mean ©.547678 and std 0.834092 o) Yious
hidden layer 6 had mean ©.587103 and std ©.860035
hidden layer 7 had mean ©.596867 and std 0.870610 o
hidden layer 8 had mean 0.623214 and std ©.889348 e NiVarim]=1 Novier
hidden layer 9 had mean ©.567498 and std 0.845357
hidden layer 10 had mean 0.552531 and std 0.844523 N R S O TR
coch
. layer mean e tayer std B
,n
o8 A ose
/ \ J B
o8 B
” ot
/ \ (-
/ -
. / . 4
A\ / N o5
sl P 5 - »
s i g h on2
st . ¢ N 3
T 7 5 3 T 5 g o8 1 7 T G 7 3

100000

s0000) sodoa|

25305005101

1015202530

15202330 800510152 0353

o W = np. random randn(fan in, fan_out) /np.sqrt(2/fan_in) [Heetal, 2015]



NENIRHERINEF

« BUERYAEITHR y, = Wix, + b, IEEMTHE x; = relu(y;_,)
BEW, BN TREEMES R, BN THEREEMIZES R
* fRisW, Sx BRI yilil = Wili,:]7x, + B[]

- Z W, li, d1x,[d] + byli]
d

var[y;] = nyvar[w;x;]

yRITTR X AOE wRITER xHITTR

var[x; + -+ + x,,] = var[x;] + -+ + var[x,]



NEIRICEERIEE

< IRE[w;] = 0, BRA E[w;x;] = E[w;]E[x;] = 0

var[y;] = nyvar[w;x;] » varly;] = nlvar[wl]]E[xlz]

var[w;x;] = IE[lexlz]
= E[w/]E[x{]

= Var[wl]IE[le]

REFISIC



NEIRICEERIEE

« Ri&b,_, = 0 HE[w,_,] =0, BBAE[y;_1] = E[w;_1x,_41 =0
* BT = relu(y,_q), E[xzz] = %]E[YLZA] = %Val‘[}ﬁ—ﬁ

varly,] = nyvar[w,)E[x?] m)  varly] = Zlvarfwvarly, ]
var[y;] = var[y;_] » %Var[wl] =1

n
P RSB AL S e — - varlw,] = 1




NENIRHERINEF

« ANERfEAPReLy, MW x; = prelu(y,_,), E[x?]= %(1 + a?)var[y;_4]

1+ a?

var[y] = anar[Wl]E[xlz] » var[y,] = 5

nyvar[w,Jvar[y,_,]

_ 1+ a?
var[y;] = var[y;_4] » 5 nvar[w;] = 1
2 1
var[w;] =

1+a?n,

(REFISiL



*yi%ﬂ tL\1‘L/J EIJ ! L;\—I:l

WIS | BEE | AT -nr] | BN N,0%)
Xavier ¥J4Aft. | Logistic | r=4 = 2 =16x —
M_+M; M;_+M;
Xavier #J461¢. Tanh r= 6 ot= 2
M;_+M; M;_+M;
He ¥4 1k. ReLU | r=, /-2 2= 2
M, M,

(FEFISE) 2025/2/27




REREH—ESE

- BEBRZRENO
« i B TTAYR B BT LA softmax(b)=cSR#I%AK., c RIS
* ReLUYmE /0.1
G, NERETIRER A BRI
« BT, &sTh e [0,1], HitJouh
*h=1




WNEYIIRICAIZSE 3R

1. Understanding the difficulty of training deep feedforward neural
networks by Glorot and Bengio, 2010

2. Exact solutions to the nonlinear dynamics of learning in deep linear
neural networks by Saxe et al, 2013

3. Random walk initialization for training very deep feedforward
networks by Sussillo and Abbott, 2014

4. Delving deep into rectifiers: Surpassing human-level performance on
ImageNet classification by He et al., 2015

5. Data-dependent Initializations of Convolutional Neural Networks by
Kr&enbihl et al., 2015

6. All you need is a good init, by Mishkin and Matas, 2015
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http://staff.ustc.edu.cn/~liandefu




rEAS

« I3—{% (normalization)
- BHEIA—1L
« BEIA—1L

* YIgR B0
- S5, IBFEI. REFT

« HUEIEE

« IEM{E
* Early stop
* Dropout

REFISIE



$HEIT—1E

5/\ =b +W1x1 + Wy X,

- -5
7 v
. ——
=3 s 1 05 >
X1 X1

| BRE—: FEARREHMIEERNRE |
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@?E UH_“./J J=b+wix; +wyx,

L=0-9?
1,2... x —= y 2. E y
w w
100, 200 ... b 1,2... L
wal k% ‘ PSS

(FREFISE 2025/2/27
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xl x2 X3 xt xmn
® © ¢ @ o
2 © © @ o @ TS Em, = 23, x
A0 ©® @ (@ @]
e B E/SE HEPEG = 230, (xh — ma)”
T 0 0 e/ e o
. xh—my IA— L EEUR AR
Xq < o9l 15E
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(FEFISE)

max, — miny

2025/2/27

xl xz x3 xi xn
® © ¢ @ o
2 0 0 06 6 o  HERKEmX
;g"l . . . — ‘ | e min,
= ® © o/ o o
: x} — ming II— SRR B EEISTE
*a [0,1]



X = IH—{t—Batch Normalization (BN)

FREREPEIERIFRMANZ, BETRIREIL A,

a® = £,(z0) = ,(WOaD 4 pO)

batch size: K

90000 | uvUitHzESHENIIENSE

dimension

1vk
Hp = Xk=1Zk

. o o o 2 — 12§:1(zk —ug) © (zx — pug)

O'B—K

25— 5 -k Ha
o3

(FEFISE) 2025/2/27



N

X2 3—{t—Batch Normalization (BN)

— BNE—RAAEEM R REFNHES

AR

- BEERBANIERE 28— ERIIRZMER
IEESE LT

- BT FLMEERE, BREBNER
RS, FESHITINEW

2025/2/27



X2 3—{t—Batch Normalization (BN)
R T ER R S MR B TTAIFIARE S

* AT EBIF—HAXIMNERIZRREEDIEMRAEZE, 5IAYFIR
WA FISEEEZ BTN SRHEERIENSE

Zy — U

Zy — U
Z=——— mm Zk=a—BOY+ﬁ

(]

* MEBAIBEE I HIXFNEEL, BMEEI—MEFIREY

Y =03 B =us
o puptlozBUEA T REMREMLZH  YRIBREIR T S NETENZ)

SZRKEX BE, ERBIRETERES
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X2 3—{t—Batch Normalization (BN)

Input: Values of x over a mini-batch: B = {x;_,.};
Parameters to be learned: v, 3
Output: {y; = BN, 5(z;)}

Lo

g~ — Y

L "l.; >
i=

. 1 )
2 2
o ¢ E @
B m 2 (@i — pus)

// mini-batch mean

// mini-batch variance

@i — pn
Vo +e

Yi = Y%i + 8 = BN, s(x;)

Ty // normalize

// scale and shift

BNHYERS

- BUERREAIEIE
- RO
- AR

batch size ABER/)N, BNSSHEIEMRE T

(FEFISE) 2025/2/27




1% 23—¢—Batch Normalization (BN)
- MRS

- BEMAEARTENNEMNbatch FitHE, MEENEUESE LRYY
BT E.

* L, AJLUBEBMTIRITE

* BJLARS B —HEA AT,



X2 3—{t—Batch Normalization (BN)

2EERERIBN HIRMEAIBN
x: N x D x: NXCxHXW
Normalize * Normalize * ‘ ‘
M,0: 1 x D MH,0: 1xCx1lxl
Y,Bp: 1 x D Y,B: 1xCx1lx1l

y = Y(x-M)/0+p y = Y(x-M)/0o+B

REFISIE



dimension

X2 H3—{t—Layer Normalization (LN)

batch

(FEFISE)

size: K

Batch
Norm

x: N x D
Normalize *
M,0: 1 x D
Y,B: 1 x D
y = Y(x-M)/0o+B

x: N x D
Normalize *
L .
o P,o: N x 1
Y,B: 1 x D
YIGATRR AR E—3N y = Y(x-M) /o+B
FBERIAMLE A+

2025/2/27




& 23—t Instance Normalization (IN) (&)

EIRMLEZRIBN EIRRLEAYIN
xX: NXCxHxXW x: NXCxHXW
Normalize ‘ ‘ * Normalize ¢ *
H,0: 1xCx1lxl H,0: NxCx1lx1l
Y,B: 1xCx1lxl Y,B: 1xCx1lx1l

y = Y(x-M)/0+B y = Y(x-M) /o+B

REFISIC
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&= 3—{t—Group Normalization (GN)

367+

—+Batch Norm
34 r|-e-Group Norm

error (%)

o L

32 16 8 4
batch size (images per worker)

(FEFISE) 2025/2/27
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Instance Norm

Group Norm
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)45 1E R F S

s F—HEFE T4 T 8 ENERSRESBTRMNE
+ 1000 M mageNet XS5 A0F &

* FZMIESETRIK ERRERIFIRRINES, ERERETAR0
* BREIGLHUTRRIFIESS (1000 MmageNet SIHRSEAIB—DFLE)
NEHFDFE—MES
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=712

NS REX (5F) BEBEIINGSG, REZ)IZ
< AR RER (11-19R) BEAIME, R¥ERSGDYIZ
* A RIETTNRESS A% i BN m S B ER(E

* FAEREEEREEEHTRESHIPER

W, agl N LHT Wy W)
uuuuu

(a) Teacher and Student Networks (b) Hints Training

EHT(WGu1ded W ]|Uh X WHlnt) = T(Ug(x WGu1ded) W )H




ZESES

S EHLMESPRIEAIRIESZ A —F 5T

{F51
A RE

IRE AR

BN FXaF
(REFISiL) 20252127

o>




iz T >

- EFNFSIOROEE, SAFIBR0NS, REESET
AT IR BRSO E S
- ERHURRIHESESREYES LERRESRS, JLEXEEIFE

< REEFIMELASASRLE SN
- ZINIH e S RTER 5. BHERRE, REEEBFIBERAKER
BOIEI TR RRE
s EASHE L, ETREFINRBHETHAIORFIRIRET

REFISIE



Rz T ]

« BT FE I EER. TiEI'J%[Il 5, ARFEIEIEE, T
EIJ?-UE&ZKs E’gﬂﬂ.’.ﬂﬁ%ﬂ 1%

Samples of “Dog” to learn later.
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Rz T ]

« BT FE I EER. TiEI'J%I]l 1K), RIEEETEIEE, O
EU?—UE&ZK EEJJ_'HSEIJ%D 1%

& @
é}s “bus” samples to learn earlier \ﬁﬂbus» samples to learn later

(FEFISE) 2025/2/27



SR IE TR —KIENEE

- BRI FER A 2NEEES!
* OCRAPEIFFFbA0d, 6719
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SURSRIEE—RE A I N4ERY

Il
« M[256,480]A93 B PIREATEN L
- RtUBIgER, HPRinKEAL
« MEERIRIE_ERA£224x22409E]
* Mt
- AMRE FRSER{224,256,384,480,640}
s BANKNNE R, F107MN224x22409% 58
o 20KFEEREE) x (4 A + 1P
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SRR E X

- FEERE, WANENSE (540 [0.5, 1.5])

ot
i




SIESIERE—SEZhA
LR BEE. (4R, AEL. HENOEEES
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RIS

* ARSI R E NGRS R — M EIERIE R A

N(0,0. 12 BIIEE

(FEFISE)

R LA TThENNER RS




SRS —rE e
- R IR R R AIA

- XEHEIRENY IFEEHE—EER, BERy AR TFERAE
logp(y|x)

s —PMERXBIRE—RZ FonehotM &R~
y =1[0,..,0,1,0,...,0]

s SINDNREXIREHITER, BMRIFEALURIRRAIEER,

FiBERIRE

€ € € €

k—1"k-1" k-1 k-1

y:



HIFES

s SRR xSx'IEERI, ASSEURRTES, (BHENSS
{EHARIRTTT

+.007 x

T+
T sign(VgJ (0, z,y)) csign(VoJ (0, 2,4))
y= REM %R KEIR
w/ 57.7% w/ 8.2% w/ 99.3 %
confidence confidence confidence

TEXSTURENRIIEREERE A L)I145%8, LA
R RARIRN B3 RTT ERRTE R

(FEFISE) 2025/2/27



IENH,

s T BR: AMUSIMUIRK, MEZEMER A/

£(6) = £(6) + 32110 — ENHIE

= = 6= {le Wy, }
&k, tLanEaRek,
RIERKEFS L2 TEM):
16113 = (W)? + (Wyp)? + -
—R&AE fEbias L1 T
101, = |lwq| + [wy| + -+

REFISIC



L2 TEM:

IE)“\M‘K 10112 = (w)? + (wy)? + -

1
L£'(0) =L(e)+§,1||9||§ BHE: VL =VL+20

B TS

0t « 9t — VL’ =01 —nVL—nret?t

n<1,1<1 =1 -9t —qvL

Lo

BN, BEF-1VLIN, FEESHARTR0

L2IEMBFRINES R (weight decay)




R R~

A =0.001

A=0.01

(REFISR)

http://playground.tensorflow.org/
2025/2/27

«4O0>» «F» «=>»

=

o>



_I—_E)n\Uﬂﬁ L1 IEM:

10]]; = lwy| + wy| + -+

L£'(0) = L(8) + %Allﬁvll1 BEEE: VL =VL + Asign(@)

B TSR

0t « 971 — VL' =01 — VL —nasign(@t1)

=01 —niAsign(6t~1) —nVL
7

« MBEw >0, wt M = wi-1 0

« MNRwi <0, w1 ZXK
BEEWwRE T




MRS E—HRIENIE

« BRIZMENERNBETHENE, ~ N (0,7D), HEAMEELA: 9, (x)
< BESIRKAEHBIRRE
Jw = Epgey.en | ey @ )] —NERRRFRELL
= Ep(yen) [92,(X) = 299, () + y?] Teu ) = 00 e
~ Epiey,en) e () + 23 ()73, () ey, + €,V () V1, (x) €y, ]

+Ep(x,y,ew) [_szW(x) — ZyVyw(x)TEw + yZ]

= Ep(x,y) [(yw(x) - }7)2] + IEp(x,y) [tr(v}/w(x) Vyw(x)T-]

= Jw + 1Epeyn IV (0)112] _

SRS FE /NS H A IR\ RS =S B X

(FEFISE) 2025/2/27




Validation set

Training set

Epochs

- PSR DAERERTNIR (RKLETH) RORHMERELLT)IER
- YIEMRIKHTE), RFTEIIESR ERIUAREL

(FEFISE) 2025/2/27




RAIZ LR —FIENNL

<©@ <©@
\k_/ //—\.‘v
g W g -~
3 Jr/ ,.///_\\\\
//""\\1\
L) ’,II.I
N Lt
~ s /7

wi wi



RAIZ LB E—FIENNL

* BISIRKREY AR REEW BT —XRIAL

N 1
_ « += R TH —w*
Jw) =]Ww) +5w-w) Hw—w") HEJFFwitw* sSfHessianiBlE

BEAV/(W) = Hw —w")
« BBE NEORZS
w® = (-1 _ er(w(T_l))
=wl D — eH (WD —w*)
m) wO—w = (I-eH)(W —wr)
= (I — eH)*(w® —w*)

w® =0
» w® = - - eH))w*




RAIZ LB E—FIENNL

* BISIRKREY AR REEW BT —XRIAL

. 1
— * += _ * TH _ *
Jw) =](w") > (w—w")"H(w—w") )% FwiEw' SfHessianiElE
« E[EL2 IENIAYFRBE iR
. . 1
J'w) =J(w) + EaIIWII%
« X' W) BRIMU B RILIR

w = (H + al)"*Hw*



RAIZ LB E—FIENNL

RIRHEWFHHED#E/IH = QAQ”

L21ER HERILZIE
w = (H + al)"*Hw* w® = (I - - eH))w*
= QA+ al) IAQTW* =Q[I — (I—-€eN)?]Q"w*

=QU-A+aD 'a)Q™w*

a

SA+aD)'a =T —-eN)" B Ta = (1—er)”
ENXI#L— log (1 + %) = tlog(1 — €l;)
MsAG A 1
éﬁ«lﬁeli«l, N AP ~
a D p €TA; m) T pos

Blog(1+x) ~x

GIEOREEE S L S 4R ECRIER

REFISIE



Dropout

« f0))ll8RS, BYS—batchfz, LURERpIRE—LAHEZTT/90

(FEFISE) 2025/2/27



Dropout

« f0))llZRS, BYS—batchfz, LURERpIRE—LAHEZTT/90

© WBERETEW
- FE#MEEEbatch it EHEE
 TERES EHITSAE

BREHTbatchiY, EREEEFHEYIXIHEITEO

(FEFISE) 2025/2/27



Dropout—i)||ZxATAISEH

p=20.5

def train_step(X):
""" X contains the data

H1 = np.maximum(©®, np.dot(Wl, X) + bl)
Ul = np.random.rand(*H1l.shape) < p

H1 *= Ul

H2 = np.maximum(©®, np.dot(W2, H1l) + b2)
U2 = np.random.rand(*H2.shape) < p

H2 *= U2

out = np.dot(W3, H2) + b3

MNBRITHREIERIER/0.8, FREIERIT/H0.5

REFISIC



Dropout
« WiERY, 7&Bdropout, RIFrEHIMARE REBMGTRIERS

* FEELEERERYEIL, (EIEE M HETTUIRT S T)I14RRTRY
HAZE

gN5RY) |45k dropout BIBEERTS p, FBARTERINEESRLL L —p

(FEFISE) 2025/2/27



Dropout—i)l|ZxF0 i AT SCER

1Z 2R (B 2
p=0.5 1Kﬁﬁ3§jjﬁﬂﬂgﬁizz g a unit active. higher = less dropout
def train_step(X):

"u" X contains the data """

# forward pass for example 3-layer neural network

H1 = np.maximum(©®, np.dot(Wl, X) + bl)

Ul = np.random.rand(*Hl.shape) < p # first dropout mask
H1 *= Ul # drop!

H2 = np.maximum(©®, np.dot(W2, H1l) + b2)

U2 = np.random.rand(*H2.shape) < p # second dropout mask
H2 *= U2 # drop!

out = np.dot(W3, H2) + b3

def predict(X):
# ensembled forward pass
H1 = np.maximum(®, np.dot(Wl, X) + bl) * p # NOTE: scale the activations
H2 = np.maximum(®, np.dot(W2, H1) + b2) * p # NOTE 3le the activations
out = np.dot(W3, H2) + b3

(FEFISE) 2025/2/27




Dropout—E W #FFF

Jll€gRIdropout izt A3dropout
dropout 18fZ£790.5 No dropout
BRI ENE

»z’zZZ

NEFLLL - p

» z'=z

(FEFISE) 2025/2/27



Dropoutziffl

co-adaptation: feature detectors 45
E—LE TS ER feature detectors
FHENZBERIEERNER

() a=a
O BEE AX_\\
FEHEHE —X—— ?f”EI’J

: R
<)—( [ ”‘7‘*)(_/

(FEFISE) 2025/2/27



Dropoutziffl

* NBORBIIBH, FRIsmL:

RSB S0 NSRRI R
Joh, E%h; SN TFEEREG+
SFRIER

BYFAENTRED, BARK

° BREWWRF S B—ih, BEAR
I ERIRE ERAY 5 —4F4E




Dropout 2—FP&EEIEERY (Bagging)

UllERes

lgrFEeL g2

llEgrFEs

lgrrEs

2025/2/27

Wr— R REEHIRI R 4%

o>



Dropout 2—FP&EEIEE AL (Bagging)

izl Ax

-

Y1 V2
\ o,

. 5 = = = VAl



Dropout 2—FP&EEIEE AL (Bagging)
YlgxBEghYdropout

&

HREMEEMIMRETT, NEF2Y N RELSR
« —/Nbatch BRI GEHR0MES, (EREHSH—R
EIEHIRNMEBHEZ AR S

(FEFISE) 2025/2/27
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Dropout 2—FP&EEIEERY (Bagging)

FrERBIH=22)

PR BUAEE IR
B—)|IG—/NEBIHIRIES

BMEEEAE N EERESE EI4E I

(FREFISE) 2025/2/27



Dropout 2—FP&EEIEE AL (Bagging)
S FEEEE? y

o = = = = o>



a=wyx + 0y a=wix +wyy

. 1 1 1 1
YgBT:  Ela] = Z(Wlx +wyy) + Z(wlx +0y) + Z(Ox +0y) + Z(Ox + w,y)

1
= E(Wlx + wyy)

MAET:  Ela] = wyx + wyy




Dropout 2—FP&EEIEERY (Bagging)

o EELUHRERTHININF 2 oLt fe i R o AR L R 2 st
« EE P(y = ylv, p) = softmax(WT (vOu) + b)y

) » SRR RS F5H
Pensemble(y = ¥|v) = \/Hﬂe{o,l}np(y =ylv; ) TSRS mAREAF Y

_ zn\/]_[ exp(W}.(vOR)+by)

0,1}
Uy exp(WT, wow+b,)

< ZJHue{O-l}" exp(W;:(vOu) + by)

= exp (zin Zue{oll}n(W;:(v@u) + by))

=exp G wi v+ by)

REFISIC



Dropout 2—FP&EEIEERY (Bagging)

o N EELLHERTAI T IF 2 To L M b i B o IR B R 2 A5 AR
+ softmaxRELEF553E
« EZHIESEHAIE TR
« [REARSIELMATREMLS

REFISIC



Dropout2—FhIENI{,

- BISETISHOIRRY MEHRE, BIRLMRIT, X=RET
Pg(y|x) = h(y) exp{y x" B — A(x" B)}
AGTB) = log [ RO exply TRV ATIERSES, T
P A UNSELEITR

_ exp(yx'B)
Pe(y12) = 1+ exp(x™B)
y €{0,1} = exp{yx' B —log(1 + exp(x"B))}

MBI 7y 10) = Ly (~ Ly - )

N =
SIEESE

exp (— %yz) exp (ylef - %(xTﬂ)z)



Dropout@—#ERI{L

« BIEETIEHO IR N EMHERE, BiREMRIA. WRES

Pg(y|x) = h(y) exp{y x7B — A(x" )}
A(xTB) =log [ h(y) exp{y x B} dy AXSEIECEREL, FATFIA—t

« IO IR EEMR
A’(xTB) = ]EPI;(y|x) [v]

A"(XTB) = V0]

REFISIE



DropoutE2—FRIENI{L

* TR y), BREKEN S,y (B) = —log Pg(y|x)

5 | 0o |1ya-§
« % [&Dropout X =x0§ fBE=p s 1-6
E[¥] = 5
V[ ] = —dlag(xx ) _ ]E[f]] =X V[f]] = msz
BB REE
L(B) = Xty Ee [tx,,(B)]
— 2 (vi 2 B~ E[A(Z B)])

2025/2/27

-2t ) )
1EM
(REFISE)
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DropoutE2—FHIENI{L,

EUR 0 = Y AT A6TH)

S pA (3] B )PExT BIIE O E ST
BlAGTR)] = AGTR) + A (VTR El(RTR — 1)) + 1/24 (<T BB (518 - xT8)’ |

= A(x]B) + %A”(xiTﬁ)BTV;(fi)ﬁ

== R(B) =3B Y A B)ding(xx]) B B V(B)n X AR,
= Stfask ETTERA" (2] B)
1 6

El—Bleag(xTV(ﬁ)X)ﬁ

REFISIE



DropoutE2—FRIENI{L
- SHEEE, 2P0y = 1)) = pi,

NUA"(XL-TB) = vP,;(y|xi) [}’] = pi(l - pi)

R(B) = 5 7o B diagXV(DXOB
1 4
= Emg x3 B} pi(1 = py)

Dropoutf{iF &S E=EHIFRNFIINGIL

(REFISiL




DropConnect

r=a((M.*W)v)
DropOut Network DropConnect Network

DropConnect: ¥§¥5 EFR0E S BRI NUELAL - pROBIEREE R0

Dropout: BEHASERET RAIHEILH3EAK0
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023FEZE (REFISIL) BEFRE

TR 28

i
HBAE:
F:
Fm:

EEE R | B TESD
liandefu@ustc.edu.cn
13739227137
http://staff.ustc.edu.cn/~liandefu




rEAS

* R BRI

* EEIMBE N ERIN BTV
* BIIRMEERNEINSHFES
* RIS M RAHKFE (KIS

* EEIMEBE RN

REFISIE



BRI 28

- ERFERESEZR, BRENTRZARTERRN (KEH)




BRI 28

- BRIREREAEBRIRAY, EHRiRERMaaEH T =

[ZI:SLETPAN
one to one
& & @ I
t
/FNN\ /FNN\ /FNN\ = |
t
& & @& i




RIS W 23 A E A

B NI HAEEEE, ANREERENE, iR EERAIFSIEEE,
teandism, EE. MAF

REMLES, WMEWHAAI=RIFIZIATEAER, HANED
Z—ERAYEIRYHEIHARR
- toan, EERRSEG, T— M EZEPRES R NFISEHAER,
HAHEPAS (E—PRIZIRSEIL) 8K

0
O™
> So w ill 51 52 ,j)l

/ L
O

SMETRAFNNZEARU— N ERIRES B E?




SERT 42 4% (Time Delay Neural Networkfe)

« FERNIRFREMEAYIFEIE EERS
DR—EERTRE, ICRMALETTRIR
EJLREEE

Second Layer
Neurons

@ _ 1-1) p-1) -1
h; _f(ht e g )

h € RMZRTREEUZFRE TRt

First Layer
ROEIHE Neurons
XK, BENEHEETIEMT  wloeeee
1Zr98ES].
= I [a]

2025/2/27



B[E3t&ERY (Autoregressive Model,

- —XKEfEFFIER, AEEy_ HALEEERMUIES

K
Ve =Wo + Z WiYi-k T+ €
k=1

« KNESE, wo, -, wx NAIEIBH, € ~ N(0,02) AENIIZIBIRE

- BINPRARAEE B EIHREY
« BONZIEE— MY, FEE—MEHY,
« BE— R RS ICR R KRR NBRNFIERILRIK, )R
Ye = f(xtrxt—l'"'rxt—eryt—ltyt—Z'"':yt—Ky)
* FOFTAEGMREL, DTLANETRRLE, K MK, IESE



B ML ( Recurrent Neural Networg

* B MBI ERTERIGIMETT, EBLEERRKERN
AR,

it 2
ht = fW(ht—l; xt) ‘/\
ik ‘ NG G B
RS RS EmARE L
SEAWHIRE %, ‘\/
AR | e

W& he "FhE" BRIETRIRIASEEIE (X, -, )

he = fw (fw (fw (he—z, Xc—2), Xe—1), X¢)

REFISIE



RS AT

itz h,
= fule] M
2 SER 2
SRS BRS  EmmARE ’\ﬂ/
SEAWRIEREL (AR |t

2

% N Y2 Y3 Ya yr
t t t t t
| hy P M = R = Ry ] Ry s g

3y __t t ottt _

gET x 5 2 e

ihpllta
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Elman RNN

fhith 2 h, h: = fw(he_1, x¢)

J RN

feui 2 FEIR 2% 1
NS

R = h; = f(Uh,_; + Wx; + b)

UIPRS-INSALERERE, WS- BANEREN, bARERE




BRI R AYIT R RE

s —NEEIERIEIRRLS h, = f(Uh,_; + Wx, + b)
Y =Vh,

Nz RIS T R G RN IARS

TEPE 6.1 - PEEA PR I 25 1038 AT AUE B [Haykin, 2009]: WR—5E2
SRR A 2% R B EGERY sigmoid BURRRMZ T, B R PALMER
AR R MR — NELRMEEN T RSt

s = g(8i-1,X1)s (6.10)
i = o(sy), (6.11)

Hrfs, NN ZIRIRE, x, BRI, g(-) 2 RTEIR ST ek £,
o(-) R FELEH tH R EL, HF HHIRAS = R BB 1 A PR

2025/2/27




BRI IR AIEERTD TV

onet_o one many to many Te to many many to one manyt—omany
0 000 ogg [ I
t ttt S t + 11
G Gl Bl DG
] OO0 0 CO0 OO0

AIEmEs Bl EttEE 6 B 61 XA Bl HARENE
BF - K5 B - 9F A - K51 9F - 97



FE5IEISES!

[ —[ 5 1
t T~
hy |"| hy |" "l hr | | hy |"| hy |" "l hr |
t t t t t t
X1 | | X2 | | XT | | X1 | | X2 | | XT |

IEE&EN RN TR

gOFLAZEBIZEMES RS REE) SEERDESR (ZERHEMNE)




FHRISERI— 18R 2E

HERGIIOE
BT IXEBER

¢"r$ Positive (IEMH])

/“. E.‘BEE%XFT
BB® - B

(FEFISE) 2025/2/27




FLZRIFFIRIFIRT

Ye=g(h), vVt € [LT]

ALARTEMRE. DA, BANXER, BamoX. 58
HEL, IEEIRAIE



FELZRIFFIRIFFIRI 3D

155 B AF M R E BAFRLIE S

ONOBOBONONONG

! ! T I ! ! !




FZHIFSIR Y R —(EE HEX

* NEEEHIRISARMEEIIANER., FZRATIR

|B-Persc|-n I-Person 0] B-Organization O |
/_]\7|<ﬁjil“)\ STk 02 I e 5T R 5
.Lg \_-IZOls_ﬂE 0.9 iBPer‘son I-Person O B-Organization O
—‘HQLIIJ N JC 03 | B-Person I-Orgamization O I-Person o]
AR, &eous - e
Ay TTARD
KT

(FEFISE) 2025/2/27



SHIFFIRIFFFIRT

Cizh | ye=g(hr) Ve e [LM] |

| he = fi(he1,x), Ve € [LT] |

| ?Tl | }’Tz | i
hy |”| h; |” "l hr |"| hriq Hl hT;I-Z H’ N '!’
t t t t | : o :
X1 | | X2 | | Xr | | (EO0S) |I ““““““““

| hrie = fo(Rrye—1,9e-1),VE € [1,M] |

T

(FEFISE) 2025/2/27



Encoder € [—2| e |/ 2 |/ e3 |/ e |/ es |/ €

Decoder d 0 —— d; — d.’ —, ds

REZISIE



FE2IF7

———————

Y1 V2
I I
hy —- h, -

(REFISE) 20252127



RE2IFF—E&iEA

(FEFISE)

TBEIMEPLZ KL

‘straw” “hat” END

A
AN

=

START “straw” “hat”

BIREHEZ RS

2025/2/27




SHFSITEE (ZX%8)

B NINEER(x, )

e x = (xq, ..

N2
Yy =,
S5

VX ) IREAT

oy )RKEAT

4%.

fW

—-—ﬂ—b— fW

)4 IR AR ERE 9
Ly = £(Yt'g(ht))




—~

BB (ZX—

85 it




SHES HEE (—XI%)




SHFT HEE (SH—+ —HB)

=
iy

/

(FEFISE) 2025/2/27



SHFSITEE (ZX%8)

B NINEER(x, )

e x = (xq, ..

N2
Yy =,
S5

VX ) IREAT

oy )RKEAT

4%.

fW

—-—ﬂ—b— fW

)4 IR AR ERE 9
Ly = £(Yt'g(ht))




BEITE

- BERtA R EEEEL (BPTT)

heyy = f(2ze11) = f(Uh + Wxy 1 + b)

Et—? | Et—l |
| I
| |

5.1 B ZIBSIR
SR
BOSNZ, IS H

(FREFISE) 2025/2/27




BEITE

° Bﬁﬂﬁﬁ]fiﬁ'fﬁ%ﬁii (BPTT) hiy1 = f(2e41) = f(Uh + Wxeyq + b)

oL . ,
6y = ﬁt = dlag(f (Zk))UTSt,k+1
k

Zy = Uhk_1 + Wxt +b

AL, ~C 0z 0L, i Z oL,
6uij = Bui]- 0zk =4 sz‘,
¢

3

k=1 1

o~

= ) [hi—1lj[8ek],
=t

(FEFISE) 2025/2/27



BEITE

- FERTB R {EREELE (BPTT) hiy1 = f(2e41) = f(Uh + Wxeyq + b)

aL e
8eie =5, = diag(f'(@))UT 8t jeay
k

Z, = Uhk—l + Wxt +b

CEEEIEE]

REFISIE



BEHE

- FERTB R {EREELE (BPTT) hiy1 = f(2e41) = f(Uh + Wxeyq + b)

t—1

oL
Sep = a_ZIZ = diag(f,(zk))UTst,k+1 = H(diag(f’(zr))UT) 8t
=k

‘ ‘ . HELBESRUBR
NTEFH, B =y =y Uk, e E S

BRAFHEHEARTL, t— kEUBOKRS, BERIE, ERRAIEE,
BAFHEENTL, ¢ — kRN, SRERERRE), HIBEEE

AT BERIESGHAER, iR EREEFIZNEMIIRIRERR. X
BEFMBRYIAZ AR A)RE,

REFISIE



BEITE

- FERTB R {EREELE (BPTT) hiy1 = f(2e41) = f(Uh + Wxeyq + b)

t—1
oL
e = 5,0 = diag(F' (20U 8 = g(diag(f'(z»)w) 5
MPf(z)=1  =U"K's,

IEFRp(U)KRTL, t— kEUERARS, BERE, ERRACGE,
IEFRp(U)/INVTL, t— kKRS, BEEREIRE/), HIBEER

Theorem. Let A € C™™ with spectral radius p(A).
Then p(A4) < 1 if and only if Jim A¥ =0



BEHE

- FERTB R {EREELE (BPTT) hiy1 = f(2e41) = f(Uh + Wxeyq + b)

t—1

oL
Sep = a_ZIZ = diag(f’(zk))UTst,kH = H(diag(f’(zr))UT) 8t
=k

MRz <y,
oAy, <2 = [ e < iul <1
Y

[tanh(x)| < 1 —EfFEn < 1, {E18| diag(f'(z))UT|| <7
1
<=
oGOl <3
= (160l < || [(diae(r@)vT) 8| < nHlloel
=k




RAEMKER )RR

- BT BEBRIFEGERE#, SEfr EREEF I FERHARIREER R,
X R ATBRI AR RRE

BN R OB R R R ORI, ﬁ'ﬁEa“El’Jff%FF
Mgk

oL, .
ah =U dlag(f (Zk+1)) ah

* UREFT EZE S S RIRT 2RO L MBPIRE h SKEHT, KIEERY
WSSV FRBFM

REFISIE



RAZHKERR)RL

* EEIMBE RN E4EE EIFER!

- BEHKRSEEERE
" BEIRSiE? HEEIRAE I BT
- (ERTH - BOHER, e
. RRREEELMT FTHIRNNZSHS

Gradient clipping: Scale
gradient if its norm is too big

grad_norm = np.sum(grad * grad)
if grad_norm > threshold:
grad *= (threshold / grad_norm)

(FEFISE) 2025/2/27



KEKERER—20H A
- JLUBIEES, RE(S UTdiag(f'(2k:1)) ~ 1, (BRREZYN

* BN EMERERR R

aL, oL
h; = f(Uh;_y + Wx, +b) ™ h, =h,_, +g(Wx, +b) a1

dh; ~ Oh_,

« (B EAMERRZIELMRIR R, R T RERIRRAE
fRIRYDE: TEINAREE .

- BERENFE
hf0h,_ BEEEMXEBBIEEMEXR . IBIZASEaE %ﬁh’f@ﬂ]

ht = ht—l + g(Uht—l + Wxt + b)

(FEFISE) 2025/2/27 ﬁ?ﬁﬂmﬁﬁﬁ\@@ 1 EIUJ‘EHHEM%U%ﬂ_ﬂ?Eﬂi&ﬁﬂ



AR RV — AL

« KITHRCIZ ML (Long Short-Term Memory, LSTM )

® ® ®©
Vanilla RNN LL i_H' A k= f(w (hfc_l»
eEa

£
® é
\ 2

©

® ® ®©

L L ! BIN—REIPE
I —0 =1 — N RBIRER

LSTM A L ;@%p' A R, BRIRESh,
L e  HZARESE
{

& ® ©

(REFISiE) 2025/2/27



KEHICIZHEME (LSTM)

it = O'(Wi[ht_l,xt] + bl) h — @t h
BN TR R S @ ¢ =[0§ © tanh(c,)
\
< O, P
4 or =|fiOc,_, +i Ot
(0] (0]
fe= G(Wf[ht—1, xt] aF bf) D, >

o, =0(W,[hi(_q,x:] + b,):
wHI T FBAZ O EFEERE

B IS SICE AR
== <

f‘t = tanh(Wc[ht_l, xt] + bC)
e, mexEmmEs

REFISIC




KEHICIZHEMEE (LSTM)

« BJLABE DN SRR

C; tanh

|- Lo ol )
L o X¢

[t o

¢ = frOci_1 + i, OC;

h; = 0,Otanh(c;)




KEHICIZHEMEE (LSTM)

* EIMEHEMNEIRRGSh IERTHEER, BIF—MC2
- BEREHENET, WP RUBERES, BERENCIZ
- FEMNEPISERS T NEIERFEINER, BFRKIICI

* LSTMMIZ8AR, CIZERTTer] LMER M ZIBIEEIXRER, HE
BE R —ERIRTEIEMR, HtEaRRIEKEERRCIZ, FEit
MRAEFEHRICIZ
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LSTMAYZFPEE(R

Ixﬁl_'l_l\ Ct == ct—l + itG)f't

- FEEBAIES] ¢ = (1—-i)Oc; +1,0¢,

« peepholei®Ez: =N IAMEEKSTiAx KDy, KT,
ip=o(Wilhi(_q,x;,¢c1] + by)

fi= O'(Wf[ht_pxt; cro1] + bf)

0, =c(Wylhe_y,x¢,¢t] + by)
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| JI=EIRETT (GRU)

» FiETT(h,) FNCIZETE(c,), SINGEET kSRS
%}}\J_ SERSHRESMERURFEMRBRE RN Z DR

l:lu

Et = tanh(W[rOh;_4,x:] + b.) hy

hy (

h; = z,0h,_y + (1 — z,)Oh,

L

r. = o(W,[he_q,x. ] + bf)
BHEI): ERlREISAYT
BEER A I ZIRRES

|

REZISIE

ze = c(W,[hi_1,x.] + by)
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B FEREE LSO N PR —El S
BRI

‘straw” “hat” END

START “straw” “hat”

BIREHEZ RS
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conv-256

h; = tanh(Wpphe_y + Wipx,)

Il

ht = tanh(Whhht_l + thxt + Wl-hv)

conv-256
_maxpool

conv-512
conv-512
_ maxpool
conv-512
conv-512
maxpool
FC-4096 Xo
FC-4096 <start>
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| FC-4096

| FC-4096
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Xo
<start>

SRA£R<END>
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A cat sitting on a A cat is sitting on a tree A dog is running in the A white teddy bear sitting in
suitcase on the floor 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
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BRI R 23RN P —El ST

K+

"W A bird is perched on

Amanina
baseball uniform
throwing a ball

A woman standing on a
beach holding a surfboard

A person holding a
computer mouse on a desk

(FEFISE) 2025/2/27



BRSO T

- BRIESER - — M EFRIYREM/ SRS

! TEIRAPIE SR
ABUBTENFifR e !
BATEFRES!

T
P(x1, %z, ,X7) = 1_[ P(xilxq, 5 x-1)
i=1

T
<[ [Peiltionss i) NEESER
i=1
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P(xll X2,y xT)

i-th output = P(w, = i | context)

T
= | | P(Xl'lxi_n+1,"';xi—1) softmax
(@ X0 smi [ X eee )
i=1 4 7 N\

most| computation here \\

— N \
NITIESHREY v
\
tanh !
i
ee)

1

7

/
4
7’
s
o [Clw2) Clwr)\ -7
... @) (e -..0)
~.. Matrix C R
shared parameters
across words
index for Wy, index for wy—2 index for wy,_;
Bengio, Y., Ducharme, R., Vincent, P., & Janvin, C. (2003). A neural probabilistic
2025/2/27

language model. The journal of machine learning, research, 3, 1137-1155.
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target word "is" “the" "problem"
ETRNNRY
1BE=ray
AR output likelihood Y1 Y2 y3

hidden state hl h2 h3 >

input embedding xl )C2 JC3

input word "What" “is" "the"

Mikolov, T., Karafi&, M., Burget, L., Cernocky, J., & Khudanpur, S. (2010). Recurrent neural network based
2025/2/2language model. In Eleventh annual conference of the international speech communication association.




static void action_new_function(struct s_stat_info *wb)
{
unsigned long flags;
int lel _idx bit = e->edd, *sys & ~((unsigned long) *FIRST_COMPAT);
buf[0] = OXFFFFFFFF & (bit << 4);
min(inc, slist->bytes);
printk(KERN_WARNING “Memory allocated %02x/%02x,
"original MLL instead\n"),
min(min(multi_run - s->len, max) * num data_in),
frame pos, sz + first_seg);
div_u64_w(val, inb_p);
spin_unlock(&disk->queue_lock);
mutex_unlock(&s->sock->mutex) ;
mutex_unlock(&func->mutex);
return disassemble(info->pending_bh);

static void num_serial_settings(struct tty struct *tty)
{
if (tty == tty)
disable_single_st_p(dev);
pci_disable_spool (port);
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* https://github.com/phunterlau/w
angfeng-rnn
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BRI W23 IR FE—EisF

R E-E I RA — A,
Egrets stood, peeping fishes. Budding branches are full of romance.
L B, R AL TR T A
Water was still, reflecting mountains. | Plum blossoms are invisible but adorable.

RRRTH, TAERELE,

The wind went down by nightfall, With the east wind comes Spring.
MARES. R AT AT &

as the moon came up by the tower. Where on earth do I come from?
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TBRIMEE N BHINF—IHERS

Go to the party! What should | wear?

t ...t ttt...1t

Decoder

ttt...1

<start> Go to the party!

ttt...t

<start> What should | wear?

& Happy ~ Neutral

Context RNN

ttt...1

Where should | go tonight? Go to the party!

https://github.com/Iukalabs/cakechat
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TR IR BI N B L2SEIE

RIZEERESTF: f. BIRNESEF: e
* I AREFIRE
é = argmax, P(e|f)
= argmax, P(f|e)P(e)

S

RERENEY —BFRE E5EE — REIEORT

Morgen| | fliege| |ich nach Kanadal||zur Konferenz

R j X

Tomorrow| | I| |will fly to the conference||in Canada




BRI R ZAIR F—H L 2RERIE

FBF4RiBHIRNN  ENCODER
,ﬁgmx:wm&xzﬂ%&ﬁsﬂaﬁgnsm

DDDDDDD CETEERETR EH_}*D

‘4“ yl b e / /
—_— B N - —
START | compensate for my hmned lntellect by bemg exlremely well read
O\ ﬂ
/ { \! /
A 7@ . Dml
/ / \/
| | compensate for limited intellect being extremely well- END|

DECODER  FF##FSHIRNN
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(23,13)

| comm e o

Figure 1: The deep recurrent attention model.

Classify images by taking a series of “glimpses”
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ERISIR RN B (O

(;1_1: ... =cr{o}+P(z|z1.1)

pdec_] decoder decoder|
%—1""_RNN RNN
] 2
¥ 5 decoding
| sample I | sample I (generative model)
J f encoding
Q(zt|x, 3%:1—1) Q(Z'Tt+1 |2, 21:¢) (inference)

hf.‘?l(.‘_}

encoder

encoder

t—1"| RNN RNN [
1! f
1 read I read I
1 i
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Reading MNIST

Ba, Mnih, and Kavukcuoglu, “Multiple Object Recognition with Visual Attention”, ICLR 2015.
Gregor et al, “DRAW: A Recurrent Neural Network For Image Generation”, ICML 2015



2023FEZE (REFISIL) BEFTE

ERSIHEISSMERICIS

T ERE ISR | EEESID
MBE4E: liandefu@ustc.edu.cn

FHl: 13739227137

FTA: http://staff.ustc.edu.cn/~liandefu
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(NG N

* BEIEREIMEPE WIS IZMRIIAIRE,  LSTMS | NI K
RCIZERTTHRFERIERER, (BN R REFRFIES

Facebook bAbi tasks Stanford SQUAD

The first recorded travels by Europeans to China and back date from this time.

1 John moved to the bedroom. The most famous traveler of the period was the Venetian Marco Polo, whose
account of his trip to "Cambaluc,” the capital of the Great Khan, and of life there

2 Mary grabbed the fOOtba” there astounded the people of Europe. The account of his travels, |l milione (or, The

3 Sandra Journeyed to the bedroom Million, known in English as the Travels of Marco Polo), appeared about the year
1299. Some argue over the accuracy of Marco Polo's accounts due to the lack of

4 Sandra went back to the hal |Way mentioning the Great Wall of China, tea houses, which would have been a
prominent sight since Europeans had yet to adopt a tea culture, as well the

5 Mary moved to the garden. practice of foot binding by the women In capital of the Great Khan, Some

H H suggest that Marco Polo acquired much of his knowledge through contact with

6 Mary Journeyed to the Oﬁlce Persian traders since many of the places he named were in Persian.

7 Where is the football?

Answer: office How did some suspect that Polo learned about
China instead of by actually visiting it?

Answer: through contact with Persian traders

3Sie) 2025/2/27
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RiEaKIt BN ERAIIMFEY

a=YN, aix; = Byopizxg[XI2]]

?ﬂ&?ﬁ HEERN ST

ay ay asz a |- ay | q; = softmax(s(x;, q))
BT e
a az as a | ay | @ =s(x,q)




FIDEREs (x;, q)

P wic] s(xi,q) = v' tanh(Wx; + Uq),
AR AY s(xi,q) = x; q,
S - x;q
AR T R AR s(xi,q) = ¥l

WA s(xi,q) = x; Waq,




ERIHLHIRIN A28

Er liebte zu essen

NULL Er liebte zu essen

pEI=wablk:l

Er liebte

He loved to eat .
Bahdanau, D., Cho, K., & Bengio, Y. (2014). Neural machine translation
by jointly learning to align and translate. arXiv preprint arXiv:1409.0473.



ERIHLHIRIN A28

Ye1 W

§; = f(Si—1»Yi—1:l)

. = exp(a(si_l’hj)) h1 = h2 > h3 - —) hT
Yoy exp(alsi—y, hy) — — —

X X XK pa

Bahdanau, D., Cho, K., & Bengio, Y. (2014). Neural machine translation

(FREFISE) 2025/2/27 by jointly learning to align and translate. arXiv preprint arXiv:1409.0473.
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la maison de Léa <end>
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agreement
European
Economic

économique
européenne

signed

August
1992

<end>

environment

2
@
£
c
=
s
c
@

noted
that
the
marine
is

the
least
known
<end>

I
convient
de

noter

environnement
marin

environnement

<end>
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INMEEEY, (BigBqueryA=

a;; = softmax(u), tanh(W,, h;; + by,))

Yang, Z., Yang, D., Dyer, C., He, X., Smola, A., & Hovy, E.
(2016, June). Hierarchical attention networks for document
classification. NAACL (pp. 1480-1489).

2025/2/27

softmax

Figure 2: Hierarchical Attention Network.

sentence
attention

sentence
encoder

word
attention

word
encoder




ERINHIRIN A3

GT: 4 Prediction: 4

pork belly = delicious

scallops  ?

i do n’t

even

like

scallops and these were a-m-a-z-i-n-g
fun and tasty cocktails

next time i
back here
highly recommend

'm in phoenix , i will go

Yelp 2013110 EUESE

GT: 0 Prediction: 0
terrible value
ordered pasta entree

$ 1695 good

appetizer size

taste but size was

no salad no bread no vegetable
this was

our and tasty cocktails

our second visit

i will not go back

& Label 4R7<F]5%, Label 0 RRFT1%

an



ERINHIRIN A3

GT: 1 Prediction: 1

why does zebras have stripes ?
what is the purpose or those stripes ?

who do they serve the zebras in the
wild life ?
this  provides camouflage -  predator

vision is such that it is usually difficult

for them to see complex patterns

Yahoo AnswersZ3EEE

2025/2/27

GT: 4 Prediction: 4

rid of all the old web

searches i have on my web browser ?

how do i get

i want to clean up my web browser
go to tools > options

then click * delete history and *
clean up temporary internet files . 7

£5. Label IRRISHNES, Label 4 it EHAIEELM



1. Input
Image

2. Convolutional
Feature Extraction

A
bird
flying
over

a
body
of
water
3. RNN with attention 4. Word by
over the image word
generation)

(FREFISE

)
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http://kelvinxu.github.io/projects/capgen.html
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remote(0.23) a(0.41), sky(0.61) on(0.27)

red(0.38),

racket(0.16) a(0.33), sink(0.48),
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Start End Query2Context
) 4
SamE )
Qulpit Layer I Dense + Softma [ l LST™ + Scftmax l TR I
- v
o . - é
. & s mr 3 .
L1 (] DRTDR O BUTDN b
Modeling Layer & t ! 1
5 D D I:‘ hy h hr
o | ‘
91 [¢F] ar
1 I [ { Context2Query
Attention Fiow Query2Context and Context2Query |
Layer
Attention e e R,
'} 4 [} ? -
hif  hy hy uy : | u,
Phrase Embed = - - U
Layer & g SISEIC Spi AL Syi
i t 1 } f 1 hy hs hy
Word Embed L L | [
il = = |:|\l = = =
Character Word Character
Embed Layer B N 8 = = Embedding Embedding

X4 X2 X3 Xt of} Q
Context Query
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iR ERARNENMER

[ ® o= ugomce

@ a = Xz~u(1L,N)
] 1 HEFENDha

aq a, as Ay an a; = Softmax(s(xi, q))
EEERETREED e
&1 &2 &3 &4 A &N &l = S(xl, q)

ENNEN N

(REFISE) 20252127




AR NHEIRIZE R R EXEETD

B V) = [(ky, vy, (ky, vn)] iR ERMAN SR RIS

FERNDMENER oN
a= Y= av;

HEFENSHha

a; = softmax(s(x;, k;))

FIDRREL
@; = s(x;, k;)
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ERITHINZRR—ZLEE

FIBSAEE Q = (¢, qu] , FHHTHNANSEPSERS
BER, BNTENSERNGEORRS.

att((K,V),Q) = att((K,V),q,) & - D att((K,V),q1)

EEHE
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Encoder
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N

{1,2,3'4’ END}

Decoder
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Do
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- SRS — R BBIR AR . \ RN REFIX =
Xy, xy, BHEREAME MRSy, B4 Fisey € [1,N]
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~HX

WERRX
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Pointer Network =

Vo - END

Output: n
]

argmax

0.0 0.0

AL FEEEIENDE SR KattentioniE
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EhEa=waltit

* SN{arEEZ3E/BER (Non-local) AUMKHIRE
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S)EISwal T

N i =1
b, =Y, ayv; Scaled Dot-Product Attention a; ;

q;=W,a, ki =Wga; v, = Wya,
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S)EISwal T

b, =¥, ayv;

q;=W,a, ki =Wga; v, = Wya,
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S)EISwal it

N
o lad = wlx]
W, i =) Q=W,X
D, N
(1] Q N;L | N
RS T B .
\' [T W T
Dy N k DT“ softmax(K Q) D,
= k
5 B ~ [ki] = Wy [xi] =
e =) K = W, X
- H =V softmax(K' Q)
&)
D,
1% [vi] = Wv[xi]
= V=W,X
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EhEa=waltit

KRN LFIIRKE d4EE

=8 SESRE FIHREH
CNN 0(kLd?) o)
RNN 0(Ld?) o(L)
Self-attention 0(L*d) 0(1)
RAREKE: WMEREBERMEHNSABEKE

FroiREEL: IR TR

99990
‘CPQQ

ry ¥ I3 Iy Iy padding £y o £y ry padding
(a) RNN (h)('\'\r

P "/‘\.
U O

ERABEREKE

0(logy (L))
o(L)

o0(1)

€ro L3 Iy Iy
(¢) Self-attention
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MultiHead(Q, K, V) = Concat(heady, ..., head, )W ©°

= el where head; = Attention(QW 2, KWX VIvY)
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B8 (Positional Encoding)

- EEIEEORETHISEVERS, WRIINERERIZFNM
BIHEER

- FIREMIETMHE—Jone-hotBEp;, Rp,Mx HHE(F/IFNY

PN
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B8 (Positional Encoding)
pos )

- SR RERIEIE, RESE Phown =50 (ooommam
pos

pos B, i#iE  PE(poszir1) = COS m)
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NBJmRS  (Positional Encoding)

pos )

_ sin(x + y) = sinx cosy + cosx siny
100002/ dmodel
posm() e

PE(pos,Zi) = sin(

PE (pos2i+1) = €OS m) cos(x +y) = cosxcosy — sinxsiny

k
Qg = €OS (100002i/dm0del>

o pos +k _ pos pos
PE@ostiai = sin <100002i/dmodel> = s (100002i/dm0del) @ + cos (100002i/dmodez> Pr

pos + k
PE i+1) = 0S| —————] _ pos ) pos
(pos+k,2i+1) (1000021/dmodel) = CcosSs (—100002i/dmodel a, — sin —100002i/dm0del Bx

PE(pos+k,2i) _ a .Bk PE(pos,ZL') ﬂk _ Sin( k )
PE(pos+k,2i+1) ar —Pr PE(pos,2i+1) 100002i/dmodet

’é’?z"‘ﬁﬁ’ﬂ{ﬁ%k, PEpos+kE.|-L\/L43§7J_TEEPEposEg%'ﬁ@&
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Seq2Seq with Self-attention

BifeEs

Encoder

Decoder
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Transformer
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Input Output
Embedding Embedding
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Transformer

Probabilities

Layer Norm

Add & Norm

Batch Size

—

Output

Add & Norm
Feed
Forward

Multi-Head

Add & Norm

A 4 ©w=0,
Layer o 1
Add & Norm Norm

Attention

[~ ARSI LS

Add & Norm

Masked
Multi-Head Multi-Head
Attention Attention N
T 7 T vl | N
) ) Masked: FE&RAIFS
Positional A & Positional J:{Ef(fi%ijj
Encoding Encoding
Input Output
Embedding Embedding
Inputs QOutputs
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The encoder self-attention distribution for the word “it” from the 5th to the 6th layer of
a Transformer trained on English to French translation (one of eight attention heads)
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Transformer Encoder Transformer Decoder BIiLSTM

BERT (Ours) OpenAl GPT ELMo

Input [cLs] my || dog is cute || [SEP] he || likes || play || ##ing || [SEP]

Token

Embeddings E[CLS] Emy Edog | EIS llEcutel E[SEP] Ehe Elikes IEpIay E"mg ‘ E[SEF]
+ -+ -+ + -+ -+ + + -+ + +

Segment

Ervosonss | Ea || Ea || B[ Ea|[ B0 |[ &0 |[ B |[ B ][ B ][ & [ & |
+ + + + +* + -+ -+ + -+ +

Position

Erossonss | B || & ][ & || & J[ & J[ & |[ & |[ & [ [ & |[Ew]
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Bidirectional Encoder Representations from Transformers (BERT)

:' Add & Norm I

Feed

Add & Norm

Multi-Head
Attention

~————

my dog is cute Positional @_@
Encoding

Input
Embedding

!

Encoder Inputs
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« {F531: Masked LM

BERTHYII

« BELERR15%E95I token,
SRS TRNARDERAEAY token

* IEZHIMASK] 5INSFNIHR
BRI, FHAREIFINEN

« 80%FB[MASK], 10%FaREHIE,
10%{REHAATN
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vocabulary size

Linear Classifier

TR A EATE]

my

[MASK]

cute
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« {£5%2: Next Sentence Prediction
Yes/No

< IGRIBANZ R FATIB

Linear

« BB50 WiFREANT—a, S0%BiREMHaT
Classifier

[CLS]: it KRN E
[SEP]: BB FHIIAGR

EEEEEEEREN.
1

[CcLS]

my

dog

is

cute [SEP] he likes
I T

|
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[SEP]

9F8B

=

o>




Class
Label

@R AEE-

Single Sentence

o8]
I-I-I Sentence 1 Sentence 2
Py) (a) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
— MNLI, QQP, QNLI, STS-B, MRPC, SST-2, ColLA
EIJ RTE, SWAG
\
\_\L Start/End Span e} B-PER (o]

BERT

I

Single Sentence

Question Paragraph

(d) Single Sentence Tagging Tasks:

(c) Question Answering Tasks:
CoNLL-2003 NER

(REZFIE SQuAD v1.1
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Generative Pretrained Transformers (GPT)

“she... —

Linear
Predictor

OpenAl-GPT

my dog is cute _
[
B[] (Auto-Regressive) 4 A T IR EY
Decoder

Output
Probabilities

Multi-Head
Attention

Muiti-Head
Attention

- —/

Output
Embedding

Outputs
(shifted right)

Nx

Posilional
Encoding

Improving Language Understanding by Generative Pre-Training
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T || 1R 8L—GPT demo

Generative Pretrained Transformers (GPT)

¢ Hosted inference API ¢

[% Text Generation Examples v

My dog is cute "

she grinned and lifted her hand to run it through her hair with one
hand as she bent over the couch, pulling the leash forward with a
creak as hers was caught. i sat down across from her and grabbed
my

Compute s+Enter

tation time on Intel Xeon 3rd Gen S

Try this on the huggingface : https://huggingface.co/openai-gpt

(FEFISE) 2025/2/27




GPT YTl

Zx

F5u)I|18R4E55: Language Modeling (LM)
IRYE ESCGRMT—"oken, FHAKE
TR -

L(U,0) = Z P |Uimq, Uiy ooe s Uj—i; ©)
Hep: l
s U= {ul' U, ey un} 1‘%%%?‘””2&%&2&
« k RFERER E3ZAwindow size

© 0K GPT RIS
© L() RERBIMURILMBIREEL

Groundtruth:

(FEFISE) 2025/2/27

TR0 logits
eg, {‘Bg:0.3;°K°:05; ...

oo FRLRIRREESS

Generative Pretrained
Transformer

(2= ] [=][n] ]

# E h Rt A —
XA



GPT BIMZFE

GPT BRI LAERTSMEER IS

Classification | san | Text ]Extranl}'[

}+{ Linear |
Entailment [ Start | Premise ] Delim |
12x —

is | Extract [}—]
Similarity [ - I L l = I L IEWI l:|‘l

l.lnear]
[s:anl Text 2 ]Dehml Text1 [Extractl:|-—l‘|'7ansfomnr

| san | context | peim | Answer1 |Exuacx|]»—{

Multiple Chou:e[ Start [ Context l Delim [ Answer 2 lEmaml

H unear|

Text & Position Embed

H Linear

T

Linear

[ st [ context [ peim [ AnswerN [ Extact |

=
(FEFISE) 2025/2/27
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GPT ZHFZ(Zero-Shot)Z SJHIRE

.0
-— sentiment analysis

- Wwinograd schema resolution
- |linguistic acceptability

0.8 { = question answering

o —— Transformer
o

=

]

£

s 0.6

; =

1]

o

£

0w

e

v 0.4

2

s

©

(]

4

o
[N

0.0 - T -
10° 104 10° 106
# of pre-training updates
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GPT-2

Language Models are Unsupervised Multitask Learners

FIBER (Prompt) HH{T2(ES.
BHEAFES

e.g., BIAMT:
“translate the following sentence to
German:”--- [prompt/instruction]

“I love machine learning”

“Ich mag das roboterlernen”

(FEFISE) 2025/2/27

"I'm not the cleverest man in the world, but like they say in
French: Je ne suis pas un imbecile [I’'m not a fool].

In a now-deleted post from Aug. 16, Soheil Eid, Tory candidate
in the riding of Joliette, wrote in French: "Mentez mentez,
il en restera toujours quelque chose,” which translates as,
“Lie lie and something will always remain.”

“I hate the word ‘perfume,” Burr says. ‘It’s somewhat better
in French: ‘parfum.

If listened carefully at 29:55, a conversation can be heard
between two guys in French: “-Comment on fait pour aller
de I’autre coté? -Quel autre coté?”, which means “- How
do you get to the other side? - What side?”.

If this sounds like a bit of a stretch, consider this ques-
tion in French: As-tu aller au cinéma?, or Did you go to
the movies?, which literally translates as Have-you to go to
movies/theater?

“Brevet Sans Garantie Du Gouvernement”, translated to
English: “Patented without government warranty”.

VB WebText A GREHRES




GPT-2

KIS GPT-2 B AF SRS

Reading Comprehension Translation Summarization 56 Question Answering
90 {Human | 55 [Unsupervised Statistical MT 32 il ead-3
80 = 30 81 TOpen Domain QA Systemst 1
20 ~ 28 PGNet
7 DrQA+PGNet
rQA+PGNe! { > 61
9 o 15 {Denoising + Backtranslate 32 A o
il = Seq2seq + Attn 13
DrQA o « 24 15eq2seq - g ol
50 10 {Embed Nearest Neighbor 822 |2
o ; {
. PGNet Denoising 5 s Random-3
2 5 z 21
30 18 most freq Q-type answer|
Seq2seq 16 o
117M 345M  762M  1542M117M 345M  762M  1542M117M 345M  762M  1542M117M 345M  762M  1542M

# of parameters in LM

# of parameters in LM

# of parameters in LM

FEANTHHES (SRR, BhiE B2 I+,
Transformer(GPT-2) IS AZ I M REABEEIREAIE(SEE) A9 K B8 L
« GPT-2ISHEMGPT-1ISEE (117M) LHEI1542M

(FEFISE) 2025/2/27
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GPT-3

Language Models are Few-Shot Learners

instruction (FIGPT-2—#¥)

GPT-3R94N - Translate to German:
Input: “Today is sunny”;
Output: “Heute ist sonniges Wetter”; 2-shot £
Input: “Mary likes hiking”; (demonstations)
Output: “Maria reist gerne”;

Input: “I'love machine learning?y

ETED” \ HIFRYFEEES

In-Context Learning

“Ich mag das roboterlernen”

Reference: what learning algorithm is in-context learning? investigations with
linear models (ICLR’2023) https://arxiv.org/abs/2211.15661

(FEFISE) 2025/2/27




Language Models are Few-Shot Learners
T | 8HRAV2E 475 7%: training episodes

T || RSB AR LR R — N sequence oiter loop
B sequencetB B F— MR THES

Learning via SGD during unsupervised pre-training \
V4
2 7 ]
5+8=13 g gaot => goat 8 thanks => merci 8
3 3 3
= = =
7+2=9 ] sakne => snake o hello => bonjour e
= -3 =
3 o o
1+0=1 -4 brid => bird o mint => menthe o
inner loop =, 3 3
3 3 3
3+4=7 =} fsih => fish @ wall => mur [}
5+9=14 deuk => duck otter => loutre
9+ 8 =17 cmihp => chimp bread => pain
Vv v N
sequence #1 sequence #2 sequence #3
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GPT-3

GPT-3 SZFBSparse Self-AttentionsE G AR FHE

Sparse Attention HBETFESAY Self-Attention, REFE: (BYMEETENEERE)
«  FE4ET token HEXHUBAHBRIT k A tokens  (FEBEIERN)
« PE4B0 token FEXIHRIB S n-k Btokens (n=1,2,3,...) (REEEN)

HEEE HEEEEEEN

e.g., sparse attention (k=2)

local self-attention atrous self-attention local and atrous self-attention
¢ Sit) 512127 Reference : https://arxiv.org/abs/1904.10509




GPT-3
/IFEZR (Few-Shot), BSHEZR (Zero-Shot) % BEIREIRELLIRAIZS (LS

Aggregate Performance Across Benchmarks

100
—e— Few Shot
—e— One Shot

80 —e— Zero Shot

60

Accuracy

40

20

0 =
0.1B 04B 0.8B 1.3B 2.6B 6.7B 13B 175B
Parameters in LM (Billions)
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Fil

2 FEAY BART (Facebook)

BART [ER3# A T Transformerff Encoder 0 Decoder

+ Encoder FJf BERT XU A L RIZFKRAE Decoder
Encod + Decoder FFS GPT XiA&, EEAJLANAET S
ncoaer _tO- phe4 Probabiliies
Seq-to-Seq 1£55  (BiF. HEF) i
Add & Norm
e ABCDE
= Bidirectional Autoregressive —
—— Encoder Decoder ot
Positional Masked
Encoding <s>ABCD Ml Head

Attention
Input
Embedding
Posilional

!
L] [+Gode| [@openaT] | = -

‘3 BERT !
3 ' ! :
GPT

—

BART: Denosing Seg-to-Seq Pre-training for NLG, Translation and Comprehension (ACL’20)




i) || 5= 8. —BART

BART #J4ASKIRAITI) |I4ESSBRESHM:

Token Masking, Token Deletion, Sentence Permutation, ...

DE.ABC. C.DE.AB

Token Masking  Sentence Permutation Document Rotation

(ATED) © (REC.0E) 3 B ED

Token Deletion Text Infilling

SCIEFREA: Text Infilling 1E552 (EE R THHESF) BRAEEITUIEES.

Text Infilling {E55

+ Encoder BT MEEIINAFER (RERIKENSEART B D THR
¥E) MIEIRAE (BNFER(XA— [MASK] &)

+ Decoder EkE AT SRAKAHNFS

BART: Denosing Seg-to-Seq Pre-training for NLG, Translation and Comprehension (ACL’20)




Fil

ISR BART

label
BART FFSIAS %K Pre-trained Pre-trained
TS Encoder Decoder
ABCDE <ss>SABCDE
A.BC.DE
Pre-trained Pre-trained
. Encoder ':> Decoder Decoder

BART FBFH=e80%F I EEEE R
TS _ ——— ZESABTD
(Foreigns to English) Initialized Encoder

)

aByode




BERT. BART #1 GPT-1, 2, 3BIEKER

TRlGIEE | RARdE i &1 TRl aiR FBE
(Transformer) TiHESRB
GPT-1 2018 110M Decoder LM Supervised Fine-Tuning
BERT 2019 110M / 340M Encoder MLM Supervised Fine-Tuning
/1270M
GPT-2 2019 1.5B Decoder LM FIFEPrompt fi
Zero-Shot Learning
BART 2020 140M Encoder Text Infilling Supervised Fine-Tuning
Decoder
GPT-3 2020 175B Decoder LM In-Context Learning
SEF) Few-Shot Learning
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L HETE

Sam
Sam
Sam
Sam

walks into the kitchen.

picks up an apple.

walks into the bedroom.

drops the apple.

Q: Where is the apple?
A. Bedroom

Brian is a lion.

Julius is a lion.
Julius is white.
Bernhard is green.

Q: What color is Brian?
A. White

Mary journeyed to the den.

Mary went back to the kitchen.

John journeyed to the bedroom.

Mary discarded the milk.

Q: Where was the milk before the den?

A. Hallway

(FEFISE) 2025/2/27




KIXFHNEIZ

*iB1Z: SMFREREARFRINERRT

- iCIZidtE
« FEERICIZ: MRIRAMETTRYES, FREERAVERT 4RI
- TYRCIZ: MIESEXNSRE, FRESHEXIVERCIZ
* KHEACIZ: (RISt BRNERSS

« 4553 BABICIZ (Associative Memory)
- ETFREIUNTFE

REFISIE




AFEASHISEED

AT | ML PN e X 2%
Rl WA rICAZ WRE HZITIENE
Gkl W AF R (3 SR

K3 S F Kiictz G222k 2 it

1At J7 BEHLT-hE ATk WNETFIENE
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1CIZ BRI 4%

SMEBICICETRRFHEER, — RIS
iBIZRER, —RAMEM = [m,, -, my]
kER, ARl E5ENRIEE

— | SNBRW: RIEER
EERIER, 7]

IEBURLRR : RIFERILS
ERRIEAEEq, , A
HMNERICIZ B TR EAR AL

BENSEa EEHIND
i8fZm; = R(m; , q,, @)
Vi<i<N

E,‘J%l%\r = R(ml:N qr)

RERERLIE, FASINRIIRE (EZINFR
BNERATERHEIING) . EMEIERE

Y Sy

BIIESER FISNERCIZH TR E

BT 5 | ANINSBICIZ IS MBI SEFNCIZ B BRI,
. e BMEDBIEIIMEZSERIRME TRAILAAIEEINNS S £

REFISIE




ISV = Gt 2
- MBI H BN A S R TR TR S N

- AR SULERER S ISR

N
S RRE ih Z N
EEDEISC : =

«; = softmax (S(mm qu))

REFISIC



o VA RS

Predicted /
of| —————Cr| v |k [
4
£
Weighted Sum A u /g Predicted
r o= Answer
Embedding ¢ o
g = g ]
. 2
p; = I
Sentences T < |
txd Softmax A_ ES bl
r
_ I Sentences
i 7|l
Embedding A . s
 m— '
L Embedding B I
|
Question | Questiong
(a) a (b)
U
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Pl
A% KN 72 = my.N
CﬁﬁéEEﬁﬁtH\\ e T~

IN o[ ’ & WoL 1@@ .
ﬁr = YN softmax(a/ q)c; %E}Iﬁ;ﬁ{’ﬁq(") = qk-D) 4 1)

’5’ MERiC TZ:—ﬂﬁTE, L= (5

REFISIC



@2 E RH:  Neural Turing Machine

- BRI

s —TRHSREEAEE, ATLARSREIE AT B

Eaiite

- (OO -

1.

2.

3.

—E TR s EB—MNHIE
Brk, BMAEILUEE— /S,

— ISR K LTI B RS
HES, 85— EHRIZ=AR
—MNESk: fFEET ERAN GBS
RO ESAR— ML E, FAILA
EEL. R, BASRISETHAE,;
— RS TR AREFERIER

SeEIRE, HPEERMEHRIRES: &2
ISP

—EEHEHIN: ARIESEIHLERATLRPATS
LUK SRSk FrishI71E LR fF S5k
EESX TS, SHEHA—D
RS,



L EIRA

« Hi ,

§oi) e Memory
o ANERIEIZ Output

- S 1] 18 B33
« BRI Controller | OO0
0000 OO0
—10 OO
Ir[lpu]t O OOC)
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BEHIES MR E e FOLE Te = Xing A iMyy

A Ea,, %Elﬁzl‘ﬁﬁﬁ'mqﬂ

HEREEEFEEINRYER «w; i - | {ERSA, SHEEIZIEN
| My | i M, = [mt,1" C My ]

B B ERARE E S H T [\\\ bt EhEEIRS T
SR BTG NI A R

A 4
| ey libe N it |<(ag)--F-+- t _____ :
SMBIZ BRI, @ . ....... |
| e Ji el AR
t t L EREIRERERLE

mey ;= mt,i(l - at,iet) +agiae reo1 SR S— il
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FHEA X3 3 it ?
4B 4 it it ?
FHC i u P ?
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HISHE{EMLE
71
. = fe = tanh(W][r., k] + b,)
pe=o(Wifetb) \ij /

EIRFIRRERER MY

\ r, [
M| MY ® M.,
> > > >

W,

£, =N w.()ME(D)

w; (i) = softmax (kIMk(i))/ oftmag ‘ f"f ‘ H

/ A‘ I Sigmoid | Tanh
Vi
KR AR M =
rﬂ@ 1 (geye)

[EiH2
(B3 ---




SR E{E LS

EIRIFIRRERIER MY
\

M,

we (i) = softmax (vtTM" (i))

KA AR Mk/

» ]
1

£l

—

r, [

QP

A

M) = M{_ (DA - w(Dey) +we(Da,
M;:‘/

—
a

®% € = O-(ETvt +be)
a, = tanh(D"v, + b,)

(ge,me)

lﬂ 71, X
SR,
|E|ﬁ3 X
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SIS NSNS ENENSEENENENENENENENEEENEEEEEEEE | (s

memory slot
(concept)
L1 L] ]

°
-
15}

20 30 40
exercise tag 0.0

XAHERNRRE , yHRANR AR B AR

Exercise Attempted: @ correct, © wrong
900000000000000000000000000000000000000000000000000

memory slot
(concept)
| L[]

=)
=18
15

20 30 40 50
exercise sequence

BIS0ERZ ST, EEEEER. ZFEERE
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el

- WEETELMo/BERTITRIESEEY, FIRLE89)IEE0E, 1
R AT Y ADSE, HFNEZARNN/Transformer)l|ZrAISCA
DEEESHITRILY, ARIIGEURT LRI ERE T RAIS,

- IBENEEREREUESR (SEEUT)

Yang, Z., Yang, D., Dyer, C., He, X., Smola, A., & Hovy, E. (2016, June). Hierarchical attention networks for document
classification. In Proceedings of the 2016 conference of the North American chapter of the association for computational
linguistics: human language technologies (pp. 1480-1489).
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BT P2

T ERE ISR | EEESID
BF#E : liandefu@ustc.edu.cn

FHl: 13739227137

FTA: http://staff.ustc.edu.cn/~liandefu
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Internet Social networks

9 .
Biomedical graphs Program graphs Scene graphs
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ERIEMRSRDT

@R G =(V,E)
* TRNEAV = (v, v, .., v}
- IDEESE

« /R
» A € R™M: SBIEE[%E (adjacency matrix)
+ X € R TR B MEAERE (node feature matrix)
» Y € R™¥¢: TIRIFREAEFE (node label matrix)




ExrFS

¥ 3
c BENE G = (V,E), BE LT REREAEERNRERTIR* (k < n).

- MR
WBEREEEINEERR
- BEERNEENT RESRURERT
* BREIEFE R EERTNREN

G=(V)

Vector Space

O Easy to parallel
O Can apply classical ML methods




EgeTs IR

c BRDE
- TR 25

* HEEETIN

s TR R RS RILEE
« X

« 1N R IERAORR
- ElLED

- HERANFEEELE
- U—NE (FE) K935
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ERTFEIFERITE

- BT MO BIBRTEI A
« RIERIHTASAEBRGY
- BD#E

- BETREtlrENBERRFEIT5E

+ DeepWalk
* Node2Vec

- BETEMEMSHNRTEITE



BT EMREMNERTE IRIH

* Bl V.S fItg
- PELRIIRITSH
« HEPIARZE
« BRIEIMNEME
- ERAGRESFS (CNN, RNN) FCEEEBERE
« MELUSENE BRI TRSRIEN 2 BRI AN
« PET REERTHENT IR EE
- Bt mEBEEEPRER, hEERGHEER




BETEHEMBSIIRTFEITTE

. Wéé@é%zkﬁt%;ﬁﬁﬂﬁﬁ}l*E’\JE"EI‘EH%?E, FTEEREWET

o EF=S|aiaEk stz vertex domain(spatial domain) iIEISFRMLZE, FIZELY
IBEEEERFNGER LHITER
- KFRMHEEE:
« Spectral Graph CNN (ICLR 2014)
+ ChebNet (NIPS 2016)
« GCN (ICLR 2017

- EFSugaEiiEisdspectral domainfIEIESTRMLE, ATSEEEEIRGE R HTEE
3, BHiTEH
- KERMAEEE:
+ MPNN (NIPS 2017)
» GraphSage (ICML 2017)
+ GAT (ICLR 2018)




EESTRHE N BRI AR

ALK R EREE R YRR R CHITEIR

GraphSAGE
(Hamilton et al., 2017)

GIN
Xuetal., ICLR2019
MPNN |
Glimer et al., 201 7)‘ """
GAT
(Velickovi¢ et al.. 2018),
GCN
(Kipf & Welling, 2017)

VN Y X ChebyNe
i P o NN vt 2016 )

13 ERERAHNSELRE
AT LK BRI TR RN RS, BTER

U Original GNN GGNN
2 Gori et al.. 2005 (Lietal., 2016)

REFISIC 2025/2/2
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ICLR 2021 Submission Top 50 Keywords
ep leamin: /’ )
Graph Representation Learning

reinforcenarh [aamin
re| E‘!ﬁn'ﬂhun learnis
fE R L ——
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el network g
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Pt i —
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T —
erative 30 conlfebid Rane) =——
ener B e—
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A 5 convolutional neural networ
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adversarial ropustness
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selfsupervised learning
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e
seml S| efvls learni
neural netwo

?’P S
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(FEFISE) 2025/2/27



FENBEEESERS

Qth .Pyggncggrtg 7 TUDataset

st/modul /dae ets.html

Benchmarklng Graph Neural Networks

ithub. com/ ing-gn




FENFRIER

@ PyTorch

geometric

github.com/rustyls/pytorch_geometric

dgl.ai

(FEFISE) 2025/2/27
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graphneural . network

@
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github. com/deepmind/graph_nets github. com/deepmind/jraph



KDD CUP 2021: Large-Scale Graph ML

&B-LS€ @ kop cup 2021

—— Large - Scale Challenge —

Sign up for our Google group to keep up to date with major changes.

Overview Timeline Rules What's New MAG240M KIKGSOM PCOM4M Paticipate Leaderboards Paper

Why a Large-Scale Graph ML Competiton?

Machine Leaming (ML) on graphs has attracted immense attention in recent years because of the of grap d data In real-world Modern

application domains include web-scale social networks, systems, web , graphs (KGs), as well as molecule simulation

data generated by the ever-increasing scientific computation, These domains involve large-scale graphs with billions of edges or a dataset with millions of graphs.
Deploying accurate graph ML at scale will have a huge practical impact, enabling better recommendation results, improved web document search, more comprehensive
KGs, and accurate ML-based drug and material discovery. However, community efforts to advance state-of-the-art in large-scale graph ML have been extremely limited

In fact, most of graph ML models have been developed and evaluated on extremely small datasets.

Handling large-scale graphs is ing, especially for f-thy Graph Neural Networks (GNNs) because they make prediction on sach node based
on the information from many other nodes. Effectively training these models at scale requires sophisticated aigorithms that are well beyond standard SGD over i.id. data

More recently, researchers improve model scalability by significantly simplifying GNNs, which Inevitably limits their expressive power.

However, in deep leaming, it has been demonstrated over and over again that one needs big expressive models and train them on big data to achieve the best
performance. In graph ML, the trend has been the opposite—models get simpiified and less expressive to be able to scale to large graphs. Thus, there is a massive

opportunity to move the community to work with realistic and large-scale graph datasets and move the state of the field forward to where it needs to be
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Figure 1: High-level illustration of our proposed method DIFFPOOL. At each hierarchical layer, we
run a GNN model to obtain embeddings of nodes. We then use these learned embeddings to cluster
nodes together and run another GNN layer on this coarsened graph. This whole process is repeated
for L layers and we use the final output representation to classify the graph.
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* BEHHIIRHFIBIRRSEL 0, FIERRSEL 0,

» While not convergent:

« MEUBREPSRAE m HEARx, 22, .., 2™}
« NENDHPREMMNERER {z z2,..,2"}
- FRERREEAERIER (31, %2, ..., ¥}, ¥ = G(Z')
- EFFIIEESE 6, J_J_aajchczzn‘FEﬁ

f= %ZﬁllogD(xi) + izﬁﬂog(l _ D(%i))

0q <0, +1VL(0,)

EHD

* NEANDHPREMNEERR (21,27, .., 2™}
- EEEMEESH 0,, BISRAMATEIR
EHC|  L=2ym0g(n(6(2))
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c ITEELEARE, FETIERGERE
* While not convergent
« 23FBIEED, (FELENAED, EFENED
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» FFIBIEED AR tatEAEE
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* While not convergent
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GANESHIEEF

* ERRRGSERR LEETUE X T — %0 P (x), BAMERERTE
PR RESTND P (0)FHF

ESH7 7
BT
" ey =) >
Pox)  ZRURTREAN Paata(®)

G* =arg mGin Div(Pg, Paata)

PeMPaqcroFIRIEERES | {BREOZANETHEIE?
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GANESHIEEF

« BAATENEP, (OFNPgara OBIEMAFZR,, (EREREHMPREE

* FIBIRSHD) I RIS L IEEAR (AP yara OFRERIEL) &5,
LR (WP (0)PFREFR) K2, HBERREUT

V(G,D) = Ex-p,,,,[10g D(x)] + Ex-p,[log(1 — D(x))]
c ELETECHIERT, RIUEVFIBIES D* = arg max V(G,D)

HrRmax V (G, D) 5PH1PaacoFRIBE (JSEUE) RARKAY



GANESHIEEF

* MPdata(x);l\_é*i
T AP (x)sREE
- B EIBRR D* = arg max V(G,D)
- %k
* e o (| EEEERS, AL
* 4 Kk szl max (G, DYE
* 7 %k
Pg ()P a0 (OEF/N
x X *f‘ W
* w [ ) HARSZES
* *
P (OFIPgaa (OERK

max V(G,D)EX
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GANESHIEEF

V(G,D) = Ex-p,,,,[10g D(x)] + Ex-p,[log(1 — D(x))]

= deata(x) log D(x) dx + fPG (x)log(1—D(x)) dx

= f[Pdam(x) log D(x) + P;(x) log(1 — D(x))] dx

av (G, D)
d D(x)

1
Pyara(x) ()+PG(x) D( )( 1) =0

1-D(x) _ Pg(x) . _ Paata(x)
= m " Faem P Y@ R




[a—y

GANBEHIEE  mM-3¢r+0

JSD(P || Q) = 3 D(P || M) + 3 D(Q | M)

B

V(G,D*) = Ex.p,,,,[log D*(x)] + Ex~PG[log(1 — D*(x))]

_ Pdata(x) PG (x)
= f Piata(x) logm dx + f P;(x)log <m> dx

Pyata (x) dx
1/2(Pgata (%) + Pg(x))

P (x)
+ f P (x) log(l/Z(Pdata(x) " PG(x))) dx — 2log?2

= deata(x) log

i1 Paa) =IO (PG (o) LeaeaCO ("))) ~2log2

= 2JS(Paata®)|IPs(x)) — 2log 2




GANESHIEEF

* ERRRGSERR LEETUE X T — %0 P (x), BAMERERTE
PR RESTND P (0)FHF

NS SVaxis]
FRER RN 2%
d iz
Pg (x) Eb]jﬁblj\ P data(x)

G* = arg min Div(P;, Pyata) = G =ag mm

PeMPaqcroFIRIEERES | {BREOZANETHEIE?
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GANESHIEEF

* While not convergent

V(G,D*) = Eyp,,,,[10g D*(x)] + Ey.p [log(1 — D*(x))]
ETEESHASE, BENERGEFASE

PUETIN
FHRLZ oI
‘0 C) 0 D» ¥U%U%§

B
« FRFIBUBED AR A EE

RN =

=o00s
(FEZISIL)

BE LT

2025/2/27

« FIFIFIED, FELENEITD, AHERED

D* = arg max V(G,D)

EZN
& 5oHl/] %

G* = arg mGln-
E]
TR R

gl

1
030201005




GAN%EE{‘]?&? G* = arg mGin max V(G,D)

* ATHEISMAIG, TLUBEIHBE FEE-TI

i} (mglx V(G, D))

O < 6c—n 20,

f(x) = max{f (x), f(x), f3(x), fa(x)} fl(x) =?

o= fik) ) fi(0)




GAN%EEQ?SI?— ' f2(0) F3G0
- I8A, G, soih b
« JE DoESYV (Go, DIYBRKI A e

V(Go, Dg) BDT0P:, ()FAPaarq (x)BIISEUE

6V(GOD) e
0, 00,0y QBT
* 33 DIESV (G, D)BRALL

V(Gy, D7) B FaP;, ()FPyare (x)HIISEUE

0, « 0, —n ZELL ) BUNT Po, COF0Paara (6)
HOISEIE
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« JE DoESYV (Go, DIYBRKI £ i@

V(Go, Dg) BDT0P:, ()FAPaarq (x)BIISEUE

05, 05, ~n 5P i

. _ov(6uD}) -

Og, < 06, —N 55 mmp SR KERETIE
av(6,,Dg) Zfsy, MGREFH—IX,

R GRIEHIHEAIE

REEFI RN BFREAS
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HFREER, XD 9K

- FENVOIIAIHIBIBE B8 0, FNERLEESE 0, MRERTKE, ERRSG
« While not convergent: FlmaxV(G, DRTFH
o NEUEEERREE m HEAR{xL, 22, ..., x™}
o NEND P REMNER AR {z z%,.., 2™}
grsnp | FEEEUBBERAER (3, %%, .., ™), ' = G(2)
| EEFIRISE S 6,4, B EAMATR B
EE Z 1 om ] i 1 aom ~i
KR =—3, logD(x') + Eziﬂlog(l -D(x ))
04« 0, +nVL(6,)
MEN RN MNEERER {28, 7%, ..., 2™}
- EFEREE S0, BESIMCIITBIR

&G ; m ; m i
/':\'?Eﬂl = mfl + $2i2110g<1 -0 (6(z )))

—R 0, — 6, —nVL(6,)




RS RIZSHI R ESLINTS

EEFCHIHR, &IMLAITEIR \

£=; e L +%Zﬁllog 1—D(G(zi)) \
( ) \— log(D(x))
BERAEVRIHMERRIE, EACLLRE, E£RRIFER
REROAPNER, WHERD (6(=))|RETOH,
log(1—D(G(2")) |AIBBER/ : I
( ( )) ©. | 05 D (x) 1

FEEIGIANIR, B MBI |
———ZIOg( G(z") ) .log(l—.D(x))-" ‘ |
Log D$%1I5
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=57 ANEANTIER SN RS SN k)
HFREER, XD 9K

- WA SIS SR 0 MERBEH 0, BRERTKE, BT
« While not convergent: ElmaxV (G, D)RI TR

« NEUREERREE m BEA(xL, 22, ..., x™)

o NEAD T RRREMMBRER (71, 22, .., 2™
g || EEMBERRA (7,2, . 77, % = G(2)
E; - EHHIRIESH 0, B EAMATR B

KR L= %Z{’;l log D(x%) + %Zﬁl log (1 - D(?\Ei))
84 < 6, +1VL(O,)
MEANDTPREMMNEERER {2, 2%, ..., 2"}
- EIENRRSE 0, BIR/IMLUITNBIR
EHG

= L= —izg’;llog (D (G(zi)))

—R 0, — 6, —nVL(6,)




GANESHIEEF

* ANFALog DTG, AERMESHIBREREY

V(6,D") = 2S(Paata(@||Ps(x)) — 2 log2

« {BF8Log DIXISRY, “ERMIEHIBREAEY

V(G,D*) < KL(Pg(0)1|Paqta () — 2 JS(Paata ()11Ps (x))

B RIMCERD S ELDHIKLEE, HERAUREISEE,

XMETHERR, ERELNSSEHETRE
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ZIN=TAES

* f-GAN

* WGAN

+ Conditional GAN

* Cycle-GAN

REFISIE




XIHERMZE (GAN)

V(G,D) = Ex-pyqe,[10g D(0)] + Ex-py[log(1 - D(x))]

- AERSHASE, MBINERRERSE

» While not convergent

- ¥JHBIED, FELIERADS, MK | D = argmaxV(G,D)

U ETN = =7
Jooo Py Yizjzs halBIIEIFAN §
B
- FIIBISED AR mREALE S Erg mé“-

==

fERZ g fEREE %
HEEE= et o 0 0 5 =Hinri-l = NN

BELET
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XIFTUERLRIZE (GAN)

&%
R
'1!!»" sty =)
Pe(®) ﬁﬁj B Paata(®)

V(G,D) = Ex_p,,,,[log D(x)] + ExNPG[log(l - D(x))]

o

V(G,D*) = 2JS(Paara(®)||Ps(x)) — 21log 2
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XITLERMZS (GAN)

BeS FHELMEAIERBIREENB? FLUNKL, Reverse KLZ
f-GANIRM T —NE—REZR, TLUERRTISHEIMEZEER

Name

D(PIQ)

Generator f(u)

Total variation
Kullback-Leibler
Reverse Kullback-Leibler
Pearson 2

Neyman y*

Squared Hellinger

Jeffrey

Jensen-Shannon
Jensen-Shannon-weighted
GAN

D¢ (PqatallPs) = mSX{IEx~Pdam [D(X)] = Ex~py [F(p@)]}

[ pla)wlo

3 ['plx) = qlz)| d

[

[ (\‘RT» = \7/(-:—) dr

(1)

[ (p(x) — q(x)) log
7 +ale)log -

1 [ plx)log

=y + (L=

[ pla)log —

+ gl log

https://arxiv.org/pdf/1606.00709.pdf

Lu—1|
ulogu
~logu

(v —1)

= 2
(Va—1)
(u—1)logu

—(u+1)log L+ ulogu

qulogu — (1 — 7+ wu)log(l — 7 + 7u)

ulogu— (u+1)log(u+1)

Name Conjugate /*(t)

Total variation
Kullback-Leibler (KL)
Revense KL

Pearson \*

Neyman 2

Squared Hellinger

Jeffrey

Jen Shannon
Jensen-Shannon-weighted
GAN




f-divergence

f-divergencelIE N

orel0) = [awr (B5)ax  FORDE, F1) =0

EXNTFEERIX, #Bp(x) = qk) Dy(P||Q) = fq( )f <pgx§)

= [q@r@dx =0
D, (Pl1Q) =fq( )f(pg 3) f

HJensen A==, >f <f (x) de)

=)
=0




f-divergence Dy(PII) = [ 4G (p%)

* f(x) =xlogx

_ p(x) p(x) p(x)
Ds(P|1Q) —fq( )@l (q(x)) dx fp(x)log<q( )>dx KLEE

* f(x) = —logx

D (PlIQ) = f e —log(pg ;)dx - f () 1og<ZE §>dx Reverse KLEE

cfx)=—-(x+1) logxzj+ xlogx JSENFE

By(#110) = = [ (o) + ) 0 5 I e+ [ oon (55 )

q(x) p(x)
fq(x) ogmdx+fP(X) log(m> dx
= 2)8(p(0)1g(x))




f-divergence Dy(PII) = [ 4G (p%)

e f(x) =xlogx — (x + 1) log(x + 1)

_ p(x) +q(x) p(x)
D P10) = - [ () + ) 1og ™IS a1 [ oy tog (B3 )

- B CON _p
= f q(x) lng(x) e dx + f p(x)log (p(x) n q(x)) dx

B q(x) p(x) B
= fq(x) log—(p(x) a2 dx + f p(x) log (—(p(x) n q(x))/Z) dx —2log2

=2JS(p()]q(x)) — 2log2 GANfHFIRIEIE




HHEEREL

B R A AR

fr6) = max {xt—f(x)}

f(z)

v 0, —frm)

2025/2/27




HHEEREL

fr@©) = max {xt—f(x)

f1® £r(OBROERE
t— f(x1)

xot — f(x2)
x3t — f(x3)

A\ 4

ot~ f(x4)\ Xst —/f(xssz t

REEISIE



HHEEREL

f @)= Az f){xt - f(x)}

f(x) =xlogx =) () =exp(t—1) teR

f @) = max {xt — xlogx}
x€dom

% g(x) =xt—xlogx

HESE = g'(x) =t—-1-logx
SEHETO = x=exp(t—1)
g (x) =) g(x) = exp(t — 1)

x€dom(f)




HHEEREL

f @)= Az f){xt - f(x)}

f(x) = —logx =) ff@®) =—-1—-log(-t) t<0
f @) = xegrcl)zrirﬁf){xt + log x}

4 gx) =xt+logx

HESH = g =t+1/x
SEHETO =) x=-1/t
KAglx) = g(x) = —1 —log(—t)

xEdom(f)




HHEEREL

fr@) = e max(f){xt — f(x)}

! +xlogx 4==) f*(t) =—1log(2 — exp(t))
t <log2

F) = —(x + 1) log

f*(t) = max {xt+ (x+ 1)log(x+1)/2 —xlogx}
xedom(f)

4 gx)=xt+ (x+1Dloglx+1)/2—xlogx

g'(x) =t+loglx+1)/2 —logx
1
2e7t -1

=
SEBHET0 m x=
=) g(x) = —t —log(Ze™t — 1) = —1og(2 — exp(t))

xEdom(f)




HHEEREL

fr ()= cpax f){xt —f0)}
flx) =—=(x+1log(x+ 1) + xlogx €==) f(t) = —log(1l— exp(t))
t<0
f @) = xegrcl)zrir)l%f){xt + (x+ 1) log(x + 1) — xlog x}

4 gx)=xt+ (x+Dlog(x+1) —xlogx

g' () =t+log(x+1) —logx
1

=
SEHET0 m x=
=) g(x) = -t —logle " — 1) = —log(1 — exp(t))

xEdom(f)




f-GAN

Fr=f
fr®= max {xt—f() = f=_ max_ {xt = f*(0)}

D, (PlIQ) =fq( )f(pg 3)

p(x ) .
fq( )tedom(f){q( - f (t)}dx
3D .

D:x — dom(f*) > mgle ) {ﬁD(x) - f*(D(x))} dx
f R = X [ POOD() - gCOf (DGO dx

= max Ex-p[D(X)] — Exvo[f*(D(x))]




f-GAN

* ERRRGSERR LEETUE X T — %0 P (x), BAMERERTE
PR RESTND P (0)FHF

EBD 7
FRIR 4R
od i fud
Pg (x) Eb]jﬁblj\ P data(x)

PG*uPdam@EﬁﬁE%
D¢ (P1Q) = max Exp[D ()] = Ex~o[f*(D ()]

G* = arg mGin Div(PG Paata)
= argmin Dy (Puatal IPe) = argmin max(Exy-pq,, [D ()] = Ex-pg [F*(D)])
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f-GAN

D:x ~ dom(f™*)
G* = argn};in mgx(]ExNPdam[D(x)] — Exepg[f7(D))])

KEBSD 79 BRI IR R EL

f-divergence Conjugates f* (t)

T

{| — Jeffreys : i
4+ ----if = Squared Hellinger i . E
i — Kullback-Leibler ¥
: Pearson Chi-Square L3
Reverse Kullback-Leibler ‘

2b ciioiiif = - Total Variation A ,v,/'.,..
| = - Neyman Chi-Square : dioih

= i -- can : 2
§ : Jensen-Shannon R

(FEFISE) 2025/2/27



f-GAN

G* = argmGin mgx(lExNPdam[D(x)] - IExNPG[f*(D(x))D
D:x - dom(f*)

* FEIRIRRELS, HARREBRAR, HIpRERIE IS EA—

* SINEEREg (), X HIERERIENERIRLT (—AREE
1) , MmIFg(V())RERD (x), BV ()MBEREELR

G* = arg mGin max (]Ex"’Pdata[g(V(x))] — Expg [f* (g(V(x)))])

REFISIE



GANZf-GANHYFFS

G* =arg mGin max (lExNPdam[g(V(x))] — Ex-p, [f* (g(V(x)))])

Ds(P|Q) = f q()f (%) dx =2]S(p(x)llq(x)) — 2log2
flx)=—(x+1)log(x+ 1)+ xlogx €==) f*(t) =—log(1l — exp(t))
t<o0
B&#Eg () = —log(1 + exp(—v))
1
g(V(x)) = logm logD(x)

7 (9(ve)) = - 1og<1 ~ exp (‘°gm))

log(l — D(x))
1
o _log<1 1+ exp(—V(x))>




f-GANT{ERKLEE

G* = arg mGin max (]Ex"‘Pdata[g(V(x))] — Ex-p, [f* (g(V(x)))])

Dy(P11Q) =J-Q(x)f(%>dx = KL (P||Q)

f(x) =xlogx =) (@) =exp(t—1) teR

HEEgw) =v
g(V(x) =Vv(x)

Pyara(x)
V*(x) = 1+ log ‘;Gt(x; £ (g(V(x))) = exp(V(x) — 1)

G* = arg mGin mgx(lExNPdam [V(x)] — Ex-p,[exp(V(x) — 1)])

REZISIE




f-GAN={EHReverse KLEUE

G* = arg mGin max (]Ex"‘Pdata[g(V(x))] — Ex-p, [f* (g(V(x)))])

Dp(P|1Q) = f q(f (%) dx = Reverse KL (P||Q)

f(x) = —logx =) fr()=-1-log(-t) t<0

2% g (v) = — exp(-v)
g(V(x) = —exp(-V(x))
Pyata(x)
P (x) fr (g(V(x))) =—1—log(exp(-V(x))) =-1+V(x)

V*(x) = log

G* = arg min mgx(IEprdam[— exp(—=V ()] = Exp,[V(x) — 1])

REFISIE



GANERIFRRIIR RIS
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Probability Density

REMFHSHRR (—)

KL = deam log

Pdata
Pg

dx

Pdata

AT T
ﬁgil-]\'ﬂ-/l KL(Pdatal |PG)

° %chx) — 0T Pgqeq(x) > O,
REAAITEIHF K
o "R EEERIFTERINL
wiE . (B G RrRIEE,
RAttERBIERERS



REMFHSHRER (—)

Reverse KL = [ Pology —dx  GAN{HLHISHIEERRReverse KLAGE
data
) — p * l_i—qugm(x) - 0 Pg (x) > O,

_ Iy data B/EANATI K
¥ | = Pg . EEE%%EEZTTE;&E’JH
g | | 2’: ' u‘L'J Ek
A \
el
E | 1l.l :%Pc(x) - Oﬁ'ﬁPdata(x) > OH—.]-
2 I IR .
i \ RSO EtE R ESEAORE
- \ A, ESRUN

/ \

I

B&IME KL(P; || Paata)

REFISIE



REMFHSHERER (Z)

« GG EEIRE, FIACE:
sy i e = argmaxD()

FEE" ElF 1
R 2
EEEE= i’ﬁ%g w0005 ﬁfnﬁ? 030201005

BE LT

* 153)||1Z5DRYRHR, GAERGHRAMETHT
£, BDLa{RAIEEER

PUEZN vy EREEAR
3000 st @0 ¢

B
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REMFHSHERER (Z)

BN B#x: 81 mode
&
. w O
SN
- -
. - i =
Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k

/

LATEDEY, JIRG  GRIAALREmME
BRE, REM  SREVEIREAES,
e —Pmode FEEE  SBEEIEftbmode




GANHRHEEBa)
V(G,D*) = Ex-py,,,[10g D*(2)] + Exp,[log(1 — D*(x))]

. Pdata (x) PG (x)
= J Pdata(x) logmdx + f Pg (x) log (m) dx

=0
Optimal D* _ Pdata(x) )
Discriminator (x) = P gata®) + Po(x) G = argmin V(G,D*)
/ real geﬁeré‘ted ?59573'-“%"’551, t%JEﬂBO,
/ data / data \ SRR TCIEET
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Least Square GAN (LSGAN)
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WGAN
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WGAN
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WGAN
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WGAN
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WGAN
G CNN, D: CNN

DCGAN LSGAN Improved
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G: MLP, D: CNN

-DCGAN -LSGAN Original Improved
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Conditional GAN
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Conditional GAN (B4 E)

Image-to-Image

. output
Aerial to Map P
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Day to Night
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Conditional Generation (Foia%E%)
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(a) Cross-domain models (b) StarGAN

StarGAN , @
& 22
https://arxiv.org/abs/1711.09020 o 3

(@) Training the discriminator (b) original-to-target domain (c) Target-to-original domain (d) Fooling the discriminator
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StarGANBYAM B

Blond hair Gender Pale skin

Input Angrv Happy Fearful

Fagure 1. Multi-domain image-to- image translation resalts on the CelebA dataser via ransfermng keowledge feansed from the RaFD dataset
Thx first and sixth colamns show jeput images while the remaining columns are imapes geacrated by StarGAN, Note that the images are
pencrated by o single peaerator network, and facial expression labels such as angry. happy. and fearful are from RaFD, not CelebA.
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Cycle GAN
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JTFS) (Meta-Learning)
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FHl: 13739227137
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* N-ways K-shot 528
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* MAML

* Chelsea Finn, Pieter Abbeel, and Sergey Levine, “Model-Agnostic Meta-
Learning for Fast Adaptation of Deep Networks”, ICML, 2017
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Toy Example

Model Pre-training
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Omniglot & Mini-ImageNet

S-way Accuracy 20-way Accuracy
Omniglot (Lake et al., 2011) 1-shot 5-shot 1-shot 5-shot
MANN, no conv (Santoro et al., 2016) 82.8% 94.9% - -
MAML, no conv (ours) 89.7+1.1% | 97.5 £ 0.6% - -
Siamese nets (Koch, 2015) 97.3% 98.4% 88.2% 97.0%
matching nets (Vinyals et al., 2016) 98.1% 98.9% 93.8% 08.5%
neural statistician (Edwards & Storkey, 2017) 98.1% 99.5% 93.2% 98.1%
memory mod. (Kaiser et al., 2017) 98.4% 99.6% 95.0% 98.6%
MAML (ours) 98.7+0.4% | 99.9+0.1% | 95.8 £0.3% | 989+ 0.2%

5-way Accuracy

Minilmagenet (Ravi & Larochelle, 2017) 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%

MAML, 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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MAML

0" — ¢ — eVyl" (¢, S™)

N N

REEEL L) = ) 1(0) = D I(b— eVl (5™, B)
n=1 n=1

MEARASEIR?  BETIHE ¢ 17yl

N N
Vol () = Z Vpl™(0™,B") =~ Z Vonl™(6™, B™)
n=1 n=1

products, which is supported by standard deep learning li-
braries such as TensorFlow (Abadi et al., 2016). In our
experiments, we also include a comparison to dropping
this backward pass and using a first-order approximation,
which we discuss in Section 5.2.
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* Reptile
* Alex Nichol, Joshua Achiam, John Schulman, On First-Order Meta-Learning
Algorithms, arXiv, 2018
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* Gradient Descent as LSTM

OPTIMIZATION AS A MODEL FOR

FEW-SHOT LEARNING Learning to learn b“'j grad!em des'ccnt
by gradient descent

Sachin Ravi* and Hugo Larochelle

Twitter, Cambridge. USA Marcin Andrychowice!, Misha Denil', Sergio Gmez Colmenarejo’. Matthew W. Hoffman',

atwitter.com David Pfau’, Tom Schaul’, Brendan Shillingford' %, Nando de Freita:
gl DeepMind  2University of Oxford  *Can:

an Institute for Advanced Research
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Gradient Descent as LSTM

« ZISEEHERNN, SEFHEIRRES

~ 4 ~ o

|

YRt 0°

1

TRBLER,
BEH

(FEFISE) 2025/2/27



B ML ( Recurrent Neural Networl
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Gradient Descent as LSTM (SCIS45ER)
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Proximal Policy Optimization (PPO)
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TRPO (Trust Region Policy Optimization)
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