Batch and Momentum

Review: Optimization with Batch
RBA S B 50T AR BORSHR, F R EAURIFTA Data EIHSRAY L RIS (RRIEATS

1Y Data S Ei—P—M4 Batch, SHIAZ0UMini Batch ,BBEIXIANU Batch, ELSCIERY 2 —RERYZRF, B
%S HEME, 25 Mini Batch

0" =arg main L
B —< .« batch
> (Randomly) Pick initial values 8° K L

s N
» Compute gradient g° = V.(8°) L' g + batch
update 8' < 8° —ng° .,~" .............. N
> Compute gradient g1 = vI2(81) g + batch
update 92 « @' —ng'
» Compute gradient © =V (6%) » B
update 6% — 62 — batch |

1 epoch = see all the batches once = Shuffle after each epoch

B— Batch RIA/NE HUEK B —ERIEHL A JEIRTE Update SERIRHE BAIREX B —S5&FH
H3R, EHA Loss, H4 Gradient,Update &8, 25 /MB—E&RL BEA Loss, BEA Gradient,H
Update 24§ LULSEHE FTUABA A2 ZFBERNER—REEH Loss HIIREZ— Batch FIEH, 2
k& Loss

FRE#Y Batch Hid—iE, Mfi—4* Epoch, BBESC I (RS KRIEMIXLE Batch FIBHE (RS —I4E1E
nUfg Shuffle

Shuffle BRESAREIIE E—NERRIMEHZ ES— Epoch FHAZ B, &9 —IX Batch, 7RGk,
85— Epoch By Batch #EA—H HEF— Epoch FA 10 XHEFAY Batch, 55—/ Epoch, S E#HBED
—IR Batch, FTLABBLLEREIER— Batch #2E, &— Epoch #A—HERNX4EETE, 1M Shuffle,

Small Batch v.s. Large Batch

A 1SR A EEER Batch,Hii Batch X Training H3E 7+ EEHERIRS RN,

Consider 20 examples (N=20)
Batch size = N (Full Batch) Batch size=1

Update after seeing all Update for each example
the 20 examples

[ See only one
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o DiBRY Case Hi2i%E A Batch,Batch Size, EERIKRIERFRIIZR 3 Hl— £ X5 AU Full Batch,
FEISEHA Batch IER
o FRAIBAY Case HiE,Batch Size E51%1

X B RRIREVIRT

BAFRE NN Case fE/£12 Case #8H, FAIRB A Batch, FA{IAY Model IUE20%E1) || 455 FHEE
5T 4 BEfEITE Loss, A RETEITHE Gradient FTLAFRIA/REIEFATE20% Example s BE5LAE. #&iilaS
A 4608 Update —iR, FiRIQFFIAINISTE DD BFREERIEE LIS, Update SEGMXIEREN
LSV

9N5R Batch Size ER1HNE NFRRIIRFES—ERRHHERE Loss FAIRMAILL Update FAIHISE,
FTLABIRERA] Update SEIHIRHE B—E BRI FRLARA AN REXS E—E R 7 Update —
REH BE—EEH B Update —RSE INRSKEILBE 0L R1A0IE FFES— Epoch 12, Ffi)
AIS#& Update 20;% i, BRI TIIAERRE—EERLH Update —RSH FTLIA—ERRETH
kAT Loss, BFARLLER Noisy B9, ATLAF(I1SK Update R75 ML RS RINE 2 /BRI

FTLANESREA LR ADINERAA, B— MR e HEERIR?

Consider 20 examples (N=20)

Batch size = N (Full Batch) Batch size = 1
Update after seeing all Update for each example
the 20 examples Update 20 times in an epoch

See all |~ See only one

~ examples =

8 Long time for cooldown, Short time for cooldown,
p but powerful i but noisy

FERIEIDIZER Batch I, EERIMBLERIK, B8 EfaE SRR ELLRIK (R EIERTE RY
BREEN—IB 788 Update —IRSH

MABAIXANTTiE Batch Size FR1HIRHR, EHAIRSALLERE BXREE—ESH BXEE—E58H,
(FRSEH—IRIRRISEL

FTUASKIRIRBE20E R K BB RHET —E (RELEH 7 20XNSH EREOXETFISGEE
—MER MR EX—LENRRN EOXNITEENRR EEE— L ERNERTH

BERAIARITERANRTE M 1S BB ERIENERERR AR E DA BRI R
RADIEERIERE (BERERIBALERN BRXZEE S EIMRSR BRIRE RGN, AR5
B ANBT AN, AN TS A BE R ANRTENE B R BRI B E SHTIZE AV,

SEfF EERHTERNE DRI HA—ERELLBIS

Larger batch size does not require longer time to compute
gradient

iR EIFAISIREER T 5L b LRAR) Batch Size {REH Loss FHTIE Gradient FT AR,
F—EH/\Y Batch Size EEHIRTANK

BRLAT2MFE— UM MNIST £, MNIST (Mixed National Institute of Standards and Technology
database)2EEEFRINESRARRMEBIEN AR F EHFHIERE NBE2HMIIEE MRLE—K
E R AEHIENXEKE F, 20ZI0R— 8, EEMEEFRI5 25 88 MNIST I 241885 Jhelloworld,
HERRRIFRSR NRLBHMISHRFEIFES —RARB N SZRAWEEFZIRES [ ERRM
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MNIST MFESE=FHHR,

oldest slides: http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2015_2/Lecture/DNN%20(v4).pdf
old slides: http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2017/Lecture/Keras.pdf

Small Batch v.s. Large Batch

* Larger batch size does not require longer time to
compute gradient (unless batch size is too large)

Time for each
update

MNIST: digit
classification
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Parallel computing
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XOBA VAR T —NSL38, Tl EERTERR, 51128 — Batch, EEITEH Gradient 3l Update £
H ERFERZ ORIATE

A5 T Batch Size Zh31 EHL10,5453100 ZA21000 AT EAEZRA0AE)

{R=&RINR Batch Size M1F1000,FEFE LA/ L FR2—HA (R REE R _EINIE 1000554, BB
FEITE Loss AFiTHE Gradient TLHIRTEIA 22— R RHY1000313, (B2 L5 E AR RXIERY

R AT EHMIZEARE B8 GPU, Rl LAMHITEE, RRBIRAI LM Tz ERIXR X 10005
BRRYATRERRY ATLA1 000 R FrfEadat 18], FF AR —EE 5519100015, 254 GPU FATIZEATREIE
B THIRIR, ZH{REY Batch Size ERYIEFEIEE B KAYRTR GPU 1E5— Batch, it & Gradient fff
ERRTE), R 2ESME Batch Size FIEHN, MFHIEE

FRLASRENER Batch Size M 1ZE1000,FrZAIRTE LF 22—, (82 ZH{RAY Batch Size 1ENFY
10000, 73Z1E1NZ)600008IRHE (R &I GPU EEST— Batch 3BiX4 Batch {2HEAVERIEZEHK
& Loss, Bi#ME Gradient FTEFEZRHIRTE) FASLBREZ Batch Size FUEHIIMIEENEK (BRSAILXIA
FEE92 V100, FrLAE B ER A 60000 %1, —1™ Batch #2228 76000054}, BE1 0/ EEZ Nt
2B Gradient fEHE

AR Batch Size RYA/MRRIEIRIK G HLEFEMIX LI Bt BRRE A EXIA T,
INRAFEBAGEM, TUABRIX M RANERDXEE, 1 78RR FBRYZHB-1N 9801, 201 SEFAIBHEABAIE
ABN760, #X /59802 21260000 Batch ABEINF /153 887 RS 5cii, IERE 1 OMDSER A ARG5S
T ARRT AR EIX MR,

Smaller batch requires longer time for one epoch

FTLA GPU 2B TZERIBEN (BEHTIZERENERERMEBR FTLAR Batch Size BRYRARIAY
& BHERE RS 1EANRY
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* Smaller batch requires longer time for one epoch
(longer time for seeing all data once)
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60000 updates in one epoch

BERAEHTzEREED BILSTRR E, 24{RH Batch Size (MYRHE (FEHT— Epoch,fERIATE
ELbXHY Batch Size FESH, EEIRIE

WRSKBREFAIR4E 8RB 600004, BF Batch Size i21,3BRE600004 Update A REIF—
Epoch,3NER4EKE Batch Size Z521000,{/RE601 Update A REHSE— Epoch,Ri&4EK— Batch
Size £121000,E8 Gradient FIBTEIRAZEARS,BB60000;X Update,fR60;% Update EYi#2sk, BHIRTERY
EIEEHIFETUW T

FRIAEEIOIXNER Update —REE1,E— Batch HRITE—* Gradient,Update —RSHIEE
HOBTIE, ALIX N ER BTN R Epoch, FERRINE (R R AL ERGINRIE, EREBIELF
B8R, BIZ{R Batch Size XM, H5=— Epoch, {RE Update 60000)x£44, ERIRTEI2IEHE T,
{ERRIRIREY Batch Size Z1000,{RREH60)X, Update 60iREEHM AT — Epoch FRLURIEZ—
Epoch, B5SRTEZRIBIRTIE] AIER{RAY Batch Size i&1000, H3L2EVIREERY, Batch Size % 100089AT{E 38
FrERERIE T —IB L2 Batch Size i®1 AEER

FTLANREA IEALXAERNE B —1 Batch JEETERISRIET —IRIXHEE1%, KAY Batch Size [z
MEREMERN 2R MAEREINAR—H

EREE R TEERRR (REEAR] Batch LRI (BLfR £ EBE BT TIEEAIRHE —1 Epoch
KHY Batch 1ERIRI AR MZ LR HT

Consider 20 examples (N=20)

Batch size = N (Full Batch) Batch size=1
Update after seeing all Update for each example
the 20 examples Update 20 times in an epoch

See all " See only one
examples =F - - example

Y SRS N e [ ol N W | SR SNSRI
T 1] i vl oy UL LI e W LA I W Ty

N but powerful B but noisy

BATNRELLRIXA Batch Size K/NHIEFANE BiekEZAREERTEISARIKE H AR —MEH
YA, B RIE R REAT ) L, KRY Batch FHSBLURIZS EEXMEENLE T .

FrLAZESE |, 20545 Update —RAIRTE] IRAINE—E AR} Update —XAYATIE] ANR/RAE GPU Y
5, ELSCAReAR AT 2 AT LA—RERY, FTLAKHY Batch, BHISRERT A, i aE S ADARTE], FH & E LU i<, BRATLA
XEHMERETRERE =15, 2% AR NARY Batch OS5 38iEK T FBEE C ERIR ARX SR RAR Batch RAzLL
BRF?



IRAERAHY Batch,iX4 Update HYEBFRTE,J\HI Batch, BRY Gradient B/ HEIELER Noisy 13, BBX ¢S
FC3E, KRY Batch SH&ROZELEREFE, /\AY Batch ROZEVERE, FAIMEAR Batch U5 B4, RAEF Tia
BRIR B SR T BIF G RRTMERMmE.

BRERETHI S 2 Noisy BY Gradient, RTgEILARERD Training ;X MEEIRE R IFFERH

WNRIRESREARRRI Batch &)1 RAVEEL (RA] BES B RINIXHEFRILER DO M E MNIST £ HinR
ARTE CIFAR-10 |, AEE MNIST X2 CIFAR-10,EBE2EAEHHRRYAIRR
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» Smaller batch size has better performance

» What’s wrong with large batch size? Optimization Issue

o 1EIMFRAVE Batch Size, WERAESRHEA
o MRV RIEHAR W FEIEHERNE, LA RS HT

MANSRIRSKE Validation Acc FRIEER, <&IiR,Batch Size K, Validation Acc ERIEERME (B
XANAZ Overfitting, RBINERIRE(RAY Training BYE, £ &I Batch Size #A, Training FIEER B2k
ZR9, M IIE B ER— MRS, BRIE, B 1T LAZRRAY Function S —1&E—HERY

BEMHETAYSEIER ARY Batch Size fHEE Training RIRHR, SLAIRHRIVBRERNER

FRLAXAN 2T EREERIE)E, B4R Model FILAX N2 Model Bias RYIAIRR X 4ME Optimization Y
(AR, AT Z{RAARY Batch Size RIAHE, (RAY Optimization AIEESBIIRE,/\3J Batch
Size,Optimization AYERRMELLERFHNF BHESIXEFTR

“Noisy” update is better for training

EE I8 Batch Size £ Training Set F28ZILVIRIFAILER, BHEE Noisy B Update,Noisy I
Gradient &7£ Training RIRHE ST IEBRUFRIZERIB? — el sERURRERIXEFAY
* Smaller batch size has better performance

* “Noisy” update is better for training

Full Batch Small Batch

trainable :

fRig{Rr2 Full Batch, BMRSKTE Update {RIVSEBIRHER, (RALEIGE— Loss Function 3 Update
2#1,45K Update 2EHIEHREZRI— Local Minima,EZ— Saddle Point, 29AH{& 3£ 7,Gradient
BT NRIRREEBIEFEHessionfiE, BRRFS Gradient Descent B733% ARFLRBINEBEIRIISE T
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{B2{FRa02 Small Batch BIIE EEERNIEIREN— Batch HRBER Loss, TLAFR 2 FR{rE—
YR Update {REISEHIEHR (RFBAY Loss Function 2B ZRAIRERIZE— Batch FBHE (RE
L1 REMREY Gradient fRIERISE =4 Batch BIBHE {RERA L2 KERRY Gradient [RIZIRA L1 &
Gradient BIRHZE &I Gradient 2%, F{F7 18 L2 BHJ Function IR L1 XF—#E, L2 irc—ESF1E
LLLT F{FT i&KE& T Batch 3£, L2 BHE Gradient,

{REEBTNE Training {RE9 Model EE2BTNELLIRAY Loss 2\ FrLASKIXFh Noisy B9 Update K9
B ERRTRT Training ESLE2E#SIHY,
“Noisy” update is better for generalization

BXDEBE B EETHEE, ESLUvl Batch thid Testing B#EEN.

RIZBAISRIE Training AIEHR EBARERART Batch i/)\iJ Batch,&F Training EI—4#4F, KA HY
CaseZTraining BIBRHMERL24E Training A4F 7

BIRIFE—L % (RS HBIEARI Batch B9 Learning Rate SA/FAEINAHEARY Batch, BR/)\9 Batch
Training 1§—HF SR{FERIY Batch, [BIATE Testing RIBHREZELBAFAY, BRLA TR LIEER
=5|F8,0n Large-Batch Training For Deep Learning,Generalization Gap And Sharp Minimahttp
s://arxiv.org/abs/1609.04836,iXfs Paper FSCIGLEER

* “Noisy” update is better for generalization

Name | Network Type | Data set
F Fully Connected MNIST (LeCun et al., 1998a)
SB =256 F-: Fully Connected TIMIT (Garofolo et al., 1993)
y (Shallow) Convolutional | CIFAR-10 {Krizhevsky & Hinton, 2009)
LB = Cy (Deep) Convolutional CIFAR-10
Cy (Shallow ) Convolutional | CIFAR-100 (Krizhevsky & Hinton, 2009)
0.1xdataset (Deep) Comvolutional | CIFAR-100
Training Accuracy Testing Accuracy
Name ||SB LB B | LB
F 99.66% + 0.05% | 99.92% £ 0.01%]| P8.03% £ 0.07% | 97.81% £ 0.07%
Fs 99.99% £ 0.03% | 98.35% + 2.08%| | I64.02% £ 0.2% | 59.45% + 1.05%
Cy 99.89% £ 0.02% | 99.66% % 0.2% 0.04% + 0.12% | 77.26% =+ 0.42%
Cy 99.99% + 0.04% | 99.99% + 0.01%]| B9.24% £ 0.12% | 87.26% = 0.07%
Cy 99.56% £ 0.44% | 99.88% + 0.30% 9.58% £ 0.39% | 46.45% + 0.43%
Cy 99.10% + 1.23% | 99.57% + 1.84% 3.08% £ 0.5% 57.81% £ 0.17%

BRiXf Paper M@, /E& Train 7731 Network #2E#& CNN AY,58 Fully Connected Network 9, {(7£
REHY Cover L FAFRIXANLIGERZ YRS AER Case HMEEI—FHIER BFEB/Y
Batch,—" Batch #EA256% Example, KA Batch 23 Data Set 3 0.1,Data Set 3§ 0.1,Data
Set 5600002, BMFHLE— Batch #REH6000%E 5t

SRIEfBAB %, KRS Batch BR/NEY Batch, &R Train BIZEARZH] Training B Accuracy, FRLANIZA FA1E
EINEEERZ Batch Size KRIFHE, Training Accuracy fiELEZER 7 XIAAZEEINE Train A Batch
AYAT{Z, Training Accuracy iR/)\8Y Batch, HSLREAZRY

BEMBERE Training HIHMREREAZ, Testing BHR(RIAREER T /\8J Batch JF#ALLKRY Batch
Z Training BYBHZEEDREF, Testing BIRHRIVEY Batch £ /X3 Over Fitting,iX/7 & Over Fitting 34
X3 3F APBHERSEXFFRIINSRIE? EXEXEREPEH T — MR,
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* “Noisy” update is better for generalization

bad generalization

Testing Loss

good
. generalization

Training Loss

..........

Flat Minima Sharp Minima

BRI PMEFRAIHY Training Loss BBEXAN Training Loss EER, BTAEERE 4 Local Minima, 8RR
— Local Minima,BBiX£E Local Minima BfiJAY Loss #ARE, E1i] Loss AIBEER#IAAS 082X
Local Minima, #2811 Minima [RIf Minima 2%

gAR—" Local Minima BEE—MRESER, ERARY Minima AR EE—1M /R L E2IFAI Minima,
BHESEXIFNERRE
o REAERIZUE Training R Testing HA[E], F— Mismatch,Training A Loss R Testing AY Loss,
BAIEB Function A—#, B EJgERAEAR Training IR Testing Y DistributiongfiA~—%#£,
o FtLBERIRERREA Training IR Testing {REBEM Sample AY Data EHKAY, BIF Training IR
Testing,Sample 289 Data &~—#F BBFTLABIE KA Loss, BAARE—REIR.

BRERAIFRERIZUIX A Training IR Testing, ERIZEIEFLREIE Training BY Loss,iXA™ Function 5%

— X AR RS AT X X NME— N EMHEEARY Minima &R, BRI Training BR Testing LEAYSS
RASEREZ RET —R R ERNAIXNMEESEIEAY Minima ki, —Z#M e LUK E T

BEXA Training Set L, EHEA Loss RIEEREA Training iR Testing ZIBAIA—E FrLA
Testing BIATE,1IXA Error Surface —2%, EHE KA Loss FAERA MRZ ABEX KR Batch
Size, £iEEANRMEERIESEHE, T0/\dY Batch Size (@GR ETZ B

AR ETE_ERYAEIERIXAE B2/ )\ Batch, ERTRZ/Y Loss, E&EIR Update RIFSRIERARA—HE ATLAGN
REOERXPIRGIFFE MR, EAE— M /IVOBBIHZE T EREIR Update RIS RIEAA—H, ERY
Update Y73 ERIBEHLIE LA — MRS IR B 79ERE E/\E Batch

SNSRI AR/ B RERI— FRIBb R, Z /R IE TRUIRE— M IR ENEN, A 25 TR AR
Batch Size, RIEEHEITEME Update AR ERIRE A RE EZI— B/ NYIRESEE

EXRZ— MR BEAEET ASBBEX MR X N ESTE R — N F TR

BRIXINFL 2R 7 — T, KBY Batch BR/)\AY Batch

| smal | lage

Speed for one update

sl Faster Slower
(S\f!iidpf;r;ﬁgg update Same Same (not too large)
Time for one epoch Slower Fasterﬁ
Gradient Noisy Stable
Optimization Better ﬁ Worse
Generalization Better & Worse

Batch size is a hyperparameter you have to decide.



EIOXNESE— Column £/ Batch, 22— Column £X#iY Batch

EEHTEEER T,/ Batch BRKHY Batch, sz E IR EIFHEE AKRIZELE, BRAFRAIARY
Batch BfMNAREMIFE X AR RHEER, BE— Epoch BEAIRTIE] /Y Batch EYEHS, KAY
Batch n@EtEiRaY, FrAM—1 Epoch FEERIRTIEISRE, KAY Batch ELSL2(LEHLEAY.

/)\#Y Batch, {f& Update BY75TEIELER Noisy, KRT Batch Update RI75RIELEASRE B2 Noisy AY
Update R9751E,f#E Optimization RIRHRSGZENAES, METE Testing RIRHMRESGZENAES, FrLAKAY
Batch ER/)\@Y Batch, B IZEBE B HEKAIMTS

FRiLA Batch Size, ERE B/ IREEEIFEER) Hyperparameter,

BBEAIREARREDS B SREEFRIS IR, Tl JREAREME BERRY Batch AIMUALER/NAY Batch AU (I
A9 Batch Size {&ill4x, FASATIZEAIBETIRIE M) 1ERA9380ER (B2 145 HSRAVEE R EIRS SUSEIIF A4S
W, ASEEF A 1245 5R .

Have both fish and bear's paws?

* Large Batch Optimization for Deep Learning: Training BERT
in 76 minutes (https://arxiv.org/abs/1904.00962)

* Extremely Large Minibatch SGD: Training ResNet-50 on
ImageNet in 15 Minutes (https://arxiv.org/abs/1711.04325)

* Stochastic Weight Averaging in Parallel: Large-Batch Training
That Generalizes Well (https://arxiv.org/abs/2001.02312)

* Large Batch Training of Convolutional Networks
(https://arxiv.org/abs/1708.03888)

* Accurate, large minibatch sgd: Training imagenet in 1 hour
(https://arxiv.org/abs/1706.02677)

X 2B, B1RS NEEMERITIXANAE, BRS REA I AL H B HEIXLL Reference FIEIXINLS
ARSE IMREINXLE Paper FECEBEMISBERMEE IE 7658 Train BERT,1553#& Train
ResNet,—%3#& Train Imagenet &%, XA MR TR LAUMEIBBREER, #.2E Afh(] Batch Size 2EAIFF
RA LAl e 55— Paper #£[H],Batch Size #RHB =% Example iXiF,Batch Size FFRX,Batch Size
FA BRI LABRE R R RENR BN ERIRENER I 1T EE — 45505 Ak #
i#,Batch Size AJgES T RAIS .,

Momentum

Momentum, i XtB 2B 4M—N, BRI 8EaT L XSt Saddle Point, & Local Minima B9, Momentum B9
EERXMEFH

Small Gradient

Loss Consider the physical world ...

How about put this phenomenon
in gradient descent?

s = = = —
The value of a network parameter w
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TS ARAT LB S R Y PR tH 58 (B1K Error Surface B2 EIFAIRIE MRS HE—
BR ARIBERMEHE BR84S K2 Gradient Descent, £ Local Minima FitfEE 7, £ Saddle
Point FiEE T

(BEEYIRAIH B, — N KU RMER TR NBANR TR EIRZ Saddle Point i1RERME EM
ELR TR ABBENXEREERESHEFEE EEEER— Local Minima i1RSKEHIFIEIE K
IR ERERSMREFAE BEEDXNIMEARSEEAGE

BRATLAS RIEPERAVHFUERE, — MRS R TRAVAHE EF A Saddle Point, &8 Local Minima
®1FA—ES#H Saddle Point,&; Local Minima ={F F 1818 B NEEEIXEFAIEE, 2 Gradient
Descent {2EE IBXNMHEK I 1F—TEHAY, Momentum XMHIAR

Vanilla Gradient Descent

BREAN AR IRAIVE S — T, JERAY Gradient Descent K182 EHEF1XN2Z Vanilla B Gradient
Descent,Vanilla NEBHME—RVNER CEIFEESEN (EMESLE—RAY,—RAY Gradient Descent
KA BT

0 i 0
g Starting at @
Compute gradient go

2 Move to 81 = 89 — ng°

Compute gradient g1
=P Gradient

= Novement

Move to 8% = 81 — ngt

—#RHJ Gradient Descent 2, BATE— MIARIS UM 0° B E—T Gradient AJFiHEzEX
A Gradient LR, FA 11 Gradient B AEZE Update 24

01:00_7790

BAIBITHNSHLE BitE—X Gradient, B{E Gradient B9 /51E, 5 Update —RES44 B T #HY
UELEBITE—IXR Gradient, 1E Gradient flIRJ5AZ Update S4{iX4 Process Bi—BEXHFF &

Gradient Descent + Momentum
£ Momentum LA, 8—IREA 1ERBshEA IS ER0EHE Bl JAR R1E Gradient Descent, IR

BRI Gradient MRS RREIZEL A Z Gradient MRS E, I LRI—SHaIRIF5 R, AEIERA
SR ERBERIRNNSEY,
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T 0
Movement: movement of last Starting at 6
step minus gradient at present Movement m® = 0

1 Compute gradient g?

30% Movement m! = Am° — ng°

N 1 g0 1
91': ..'2- Move to @ 0% +m
Compute gradient gt
92
= Gradient Movement m2 = Am! — ng?
=—p Movement Move to 82 = @' + m?

------ Movement
of the last step

BBE AR R MEF, — R — MRS AERIVBRREI—F
m® =0

BETSRIE 0° f9ith75, 118 Gradient 975G

ISEE Update 218, #i%A 0

REE T RFBELAE FT—SEEEE TR Gradient WA LEEI—S8A B ANTR EE—S EFE
0, MEENIFIEEHIFHERTLABT—E2 0,B7LA Update F9751A, ERIESEAY Gradient Descent 2—HERY,1X&

BHEEBNE
ml — )\m() o ,rlgO
6! = 6° + m!

{BMEZLSFHA BN L Momentum LUEHAKX—HE T MNEZEFHARINTE g SAEETREA
Update 97578, 72 g'RIRF 8, TDEARIE_E—R Update 75718, tBHLE m1 5= g1, 24313780

Update B9751E, XA m2

m? = dm! — ng'

ABEAIHE T EXME

=P Gradient
=g \lOvement

=====s Ovement
of the last step




g1 &iFE( ], Gradient HFBRNEFI @ RFBEZBE BERHAIAZER0T Gradient B9E, 0L
Momentum LA BAIAZRRIRE Gradient BIRJ5 1, RIFERKIIAISEL KB LER—IX Update B
B

o WMBRFI—RIREEM  BEREGEEXNTHEE
e Gradient REFIBRAMXMHBRE

o IEFREIEIER ERENIT, CHEEEEm  X—N B EE LI BT m2,£5 02 X4

75

Movement: movement of last
step minus gradient at present

9{!
9.2
= Gradient Y
= \Ovement 03 m ".,
LN} 3
------ Movement g9

of the last step

Starting at °

Movement m® = 0
Compute gradient g°
Movement m! = Am® — ng°
Move to 81 = @° + m1!
Compute gradient gt
Movement m? = am?!* — ng?

Move to 82 = 81 + m?

Movement not just based

on gradient, but previous
movement.

BT R RERTRERSE X MUBEBA T EE Gradient BEAIRRRIRENE Gradient KI5
EHANVER—LEEE fI— P EXNTI A, EX N EBELA [, K R EL N SR BI—
S A7I R Gradient ST, SEE( T T —2S a5

Movement: movement of last

step minus gradient at present

m! is the weighted sum of all the
previous gradient: g°, g1, ..., gt~

Starting at 8%

Movement m? = 0
Compute gradient go
Movement m! = Am® — ng°

Move to 81 = 89 + m?!

m®=0 Compute gradient g1
Movement m? = Aim' — ng?

Move to 8% = @' + m?

Movement not just based

on gradient, but previous
movement.

B—PRIEN F(JEA m KERBRXAD m HSLA LIS RIFFEEHKRAY, Gradient B9 Weighted
Sum NGRS F HLH A LA ZRIE R

m® =0
m! = —ng’°
m?® = —Ang’ — ng'

mO EABEEIRA 0,m1 2 mO &= g0,m0 A& 0,FrLA m1 #2 g0 ' LA nm2 2 Ak E m1AFHES
Hh—PNSEFRIFER n 2 Learning Rate EAIER A BEFBIIM— NS X NMEEFEARI.M2 FHLARLE
m1, @3 n 3k L g1,7Af5 m1 FEERENE, m1 X, /RE m1 AR, BANEDE m2,FEh8taRd A 5t E n 3RLA
g0, /A n 3kt g1, B2 g0 IR g1 B Weighted Sum



PALESEHE FRLUMRS &I B MIN_E Momentum LUS,—M#IEZ Momentum &, Gradient 89
RABINER—XBsEEE,BMEBI—MREESE MBI Momentum, 2i0_E Momentum AYAT
18,311 Update 9751, A2 REEIMAER Gradient, TEERI XA Gradient FIRE.

B EERGF HER IR T Momentum

loss Movement =
A Negative of L /0w + Last Movement

—p Negative of L / Ow

===sp Last Movement

=—p Real Movement

s R
fE— "
BREAIIMIX /MBS FFE Update SELRIE Gradient B EESIFRA MiZFA Update S5 BFINER

BRI—X Update {975, FrLABA I8ie 2% 88 Gradient LAR{IIANER F GBS LT FBEAINNSE,
WAEARH T —REX DT

loss Movement =
4 Negative of dL/0w + Last Movement

—)p Negative of dL / Ow

===:p Last Movement
= Real Movement

o :
.I @

K

Gradient ZER/N HFEA VTG ERRBEFEHI—R = BR—S BEGBN K HEsI—280
F A AR SRE R FEX M, B BB 81 Gradient SIFERAI1EEL A B, RET—SBHIA AINEE,
BEIFAENM BPEEGE EZ— Local Minima, FBIEjES! Local Minima,—f% Gradient
Descent BFAMARIET EAEBERBIXA Gradient B9, BBEER! Saddle Point tB—#,188
Gradient (U5 RELTLERRIET

loss Movement =
A Negative of L/0w + Last Movement

—p Negative of dL / dw

==aap Last Movement
=P Real Movement




BB XEMEE Momentum BUIE (RIARBINEAMRELE TE ES Momentum A2RE
Gradient,Gradient FiERE 0 /RFBRI—S AR, BI—EHN A BEFERIRAE RIIMSLERGE EE
{RERNX T, Gradient SIFRAIZEFAE T BRBRIZIREI—E8I8M, L Gradient EXA%E /R
EEREH R AE EET— NS NFHM AT LAESIELF Local Minima, IXANHZ Momentum
BrlseskAvEFat

X HESKEZIRARITAINE,

Concluding Remarks

e (ritical points have zero gradients.
e C(Critical points can be either saddle points or local minima.

o Can be determined by the Hessian matrix.
o Local minima may be rare.
o |tis possible to escape saddle points along the direction of eigenvectors of the Hessian
matrix
e Smaller batch size and momentum help escape critical points.
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