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CrtaHgapTHas 3agada onTMmMm3saumm

[TyCTb Z;-- i-bll BEKTOP AaHHbIX, Yi -- COOTBETCTBYIOLLAA eMy METKa;
fo : R% — R% _- monens, 6 - BEKTOP BECOB MOZESN;

L(0) = %Zg(yi’ folz;)) -~ ONTUMM3MPYemas dyHkums noteps (ex. £(y,9) = [ly - glI* )
=1

BasoBas naesa ontummaauum dyHkumm L(6)
Batch GD: "
yr :
Oy =01 —mVoL(0i—1) =01 — o Z Voli(0:—1), rae me-- learning rate
Stochastic (Minibatch) GD: =1
shuffle data; for (x.., ,y.., ) in shuffled data: 0r = 0i_1 — nVoL(0s—1; Tisrp, Yicitd)
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MoTuBauus

e Pa3mepHOCTbL NPocTpaHcTBa BECOB HEMPOHHOW ceTn ~10M,
MOBEPXHOCTb OYHKLMWN NMNOTEPb MOXET MMETb OYEHb
CITOXHbIN NaHawadT

e PasnunyHble meToabl oNTUMM3aLNKM MOTYT CXOOUTLCS B
pasHble JIoKarnbHble MMHUMYMbI, COOTBETCTBYOLIME s
MOAEensiM pa3Horo KayecTsa i ity e oty

e B HepmaBHee Bpems npeanoxeHbl MHOXECTBO ‘
Moamndounkaumn ctaHgapTHbIX METOL0B

e Mano uHdpopmMaLum o Tom, Kak pesynsraTtbl MofnyYeHHble B
OpUrMHanbHbIX cTaTbax 0606w akTCcs Ha apyrue i
3aJaun/apxmTeKkTypbl ceTen/naTaceTsl
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Llenn n 3agaymn

Lenb: nony4nts MHOpMaLNIO O PaHXXMPOBAHUM UCCIedyeMbIX METOLOB ONTUMMU3aLMN Ha
3afjaye cymmapusauumn koga B umsa metoga (rnobanbHo, Ha HECKOMNbKMX 3agjadax v
patacetax ML4SE)

fun O {

val jsonString = Json.encodeToString(fileToId)

File(ProjectConfig.FILE_ID_PATH).writeText(jsonString) > saveToJson

}

3agaum:

e BuIGpaTb 13 nuTepaTypbl HECKONbKO MHTEPECHBIX METOAO0B ONTUMU3ALMK AN

rmybokoro ody4yeHus
e [lo6GaBuTb peanusaumm 3TMX METOAOB B KO 06y4YeHNs uccrnegyemMomn Mmoagenn n odyunTb

MoAesb, C MOMOLLbIO pa3HbIX METOO0B
e OueHnTb (CTaTUCTUYECKYHD) 3HAYUMOCTb YIyYLLEHUIN nccrnegyemMmbix Mogudukaunm ang

3aJa4n cymmapusaumm koaa
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Mopenb

LSTM cell
1) /ﬁ&\ ® \ 0
while b # 0
if a > b (tanh)
a:=a->b forget gate: inpm.gale: l‘ L (o)
else-body f T & OU |‘)u
else 1=
b:=b-a S |;||;| |‘T’||;!
return a h(t-1) [ /
!
x(t)
TreeLSTM'

e_al,
(@) e) ()

f3

TreeLSTM encoder LSTM with attn on subtrees decoder
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[1] Tai et al., “Improved Semantic Representations From Tree-Structured Long Short-Term Memory Networks”, arXiv:1503.00075, 2015



[laTtacet
Java-med?

Train set:
Random 800 projects

1000 top-starred
Java projects on
GitHub

Validation set: ] ~ 4M examples in total

Random 100 projects

Test set:
Random 100 projects

Java-med

random 10 %

train1/val1/test [ train2/val2/test ]

| trainNwvaiN/test |

[2] https://github.com/tech-srl/code2seqg#datasets 6/11



JTanbl NpoekTa

/ OT160op meToO0B \

ﬁpose,qume L-Il/ICJ'IeHth

9KCrnepmMeHToB

/ [MpoBepka rmnotes o \

PaHXXMPOBaHMMN METOOO0B

e SGD (nesterov accelerated):
momentum = 0.95
e Adam: 3, =0.9, B, =10.999,
£=10°
e RAdam: as Adam
e Lamb: as Adam
e Lookahead +
SGD/Adam/RAdam as base
optimizer: k=95, 2 = 0.5
e SWA: cyclic Ir, cycle
len=epoch, min Ir = 0.001,
max Ir = 0.0074
e Locals: globals as locals,

Batch size = 512

Base Ir = 0.01 (g) / 0.0037 (1)
Lr schedule = base*0.95¢Pochs
#epochs =7 (g) \ 4 (1)

Fixed initialization

No weight decay and fixed
dropout

KSVRG, SWA, BB /

Kak cpaBHMBaTbL?

ROUGE-1/2/L
BLEU

Meteor
BERTScore

3Ha4unmo nu pasnuyne?

Wilcoxon signed-rank test
Mann—-Whitney U-test

/

7M1
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train\loss

Pe3ynbTaThl 3KCNepMMeHTOB. Training curves

mobanbHble MeToabl

JlokanbHbIe MeToab!

train\loss train/loss
» —— SGD_decay_global 10 —— SVRG_local
~ Adam_global ~ SWA_cyclic_local
30 — RAdam_global — RAdam_local
= Lamb_global 91 — Adam_local
— Lookahead_sgd — LaRAdam_local
2 ~— Lookahead_RAdam ~— BB_local
81 ~ Adadelta_local
8 A
20 z 7 TR
£ “- A M (I
LA A 1T
R TUVEY W
15 6 Y W S
10 51
4 T T T u T
500 1000 1500 2000 2500
Step
rouge-2-f1 valfrouge ROUGE-2_F1
0.202
0.201
o016 >_C/"’;",
0.200
016 z, — SVRG_local
00199 1 —— SWA cyclic_local
= o — RAdam_local
& 3 — Adam_local
& 014 g 0198 |
E g ~— LaRAdam_local
3 —
E 01971 BB_local
012 —— SGD_decay_global ] Adadelta_local
~— Adam_global 0196
— RAdam_global
—— Lamb_global
010 ~ Lookahead_sgd 0195
~— Lookahead_RAdam
T r . T T , T T 0194 T . : T T , T 8+
500 1000 1500 2000 2500 3000 3500 4000 750 1000 1250 1500 1750 2000 2250
Step Step



Pes3ynbratbl akcnepumMmeHToB. Test Metrics

Global methods test

Local methods test

Method BLEU | meteor | rouge1 rouge2 | rougelL Method BLEU | meteor | rouge1 rouge2 | rougelL

SGD 0.2777 | 0.2647 | 0.3839 | 0.1597 | 0.3940 Adadelta 0.3705 | 0.3191 | 0.4317 | 0.2126 | 0.4430

Adam 0.2474 | 0.2443 | 0.3556 | 0.1416 | 0.3651 Barzelai- 0.3863 | 0.3268 | 0.4414 | 0.2172 | 0.4531

Borwein

RAdam 0.3108 | 0.2784 | 0.3879 | 0.1781 | 0.4010 LaRAdam 0.3843 | 0.3260 | 0.4400 | 0.2171 | 0.4511

(local)

Lamb 0.3158 | 0.2853 | 0.3980 | 0.1809 | 0.4095 SVRG 0.3663 | 0.3172 | 0.4306 | 0.2107 | 0.4419

LaSGD 0.2451 | 0.2475 | 0.3689 | 0.1424 | 0.3792 SWA 0.3851 | 0.3263 | 0.4407 | 0.2173 | 0.4523
LaRAdam 0.3647 | 0.3151 | 0.4310 | 0.2080 | 0.4428 Upside 5.9 3.7 2.4 4.4 2.3
LaRAdam(glob
al)-BB

Upside 31.3 19.1 12.3 30.3 12.4
SGD-LaRadam

% 9/11



Pesynbrathl

1. Ha Hawewn 3agaye cymmapusauum Kkoga B UMA MeToda rnoYvTu Bce nccnegyemble
nccnegyemble mogndukaumm ctTaHgapTHbIX METOAO0B NOKa3biBaKOT yrydlleHue
pes3ynsTaTtoB, NPy 3TOM pasHuLa MexXxay paHee UCnosib30BaBLUMMCS METOLO0M U
nyywmm n3s mogmdpukaumm gocturaet 31% (B 3aBUCUMOCTU OT METPUKN)

2. Jlyywwum un3 rmobanbHbix MmeTtoaoBs siendetcs Lookahead c RAdam B kavectBe
©a3oBoro onTuMmmnsartopa

3. Jlyqywmmu ns nokanbHbix MetoaoB sisnattTcsd SWA n Barzilai-Borwein, koTtopble
NoKasbIBaOT NPaKTUYECKN OANMHAKOBbIE pe3ynbTaThl U B CpegHeEM OatloT yrydlueHune
~1% no BceM MeTpmMKam OTHOCUTENBLHO CTAapTOBOW TOYKN
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[HanbHenwas pabota

1.

P

[MporHaTb Nyywunm n Xyawmm metogbl Ha NonHoM Java-med, nonyyme TEM caMbiM
Bbonee TOYHY OLIEHKY METPUK, N NMPOBEPUTL TMMNOTE3Y O 3HAYMMOCTU YIyYLLEHNN
[TpoBecTn aHanorMyHble SKCnepuMeHTbl Ha Apyrux apxutektypax mogernen (CNN,
Transformer) n 3agayax SE (Hanpumep, cymmapusauus koga B docstring)
[MonpoboBaTk Apyrne PyHKUNM NOTEPb KPOME KPOCC-IHTPOMNUMN
[ToskcnepnMeHTUpOBaTh C PasfiMiyHbLIMU METO4aMU perynapusauum

NccnenoBaTh BrMAHME MHMLMaNuU3aumMm Ha obyvyeHne, NpoBepuTb rmMnoTesy o
CyLLeCTBOBaHUM yaareéHHbIX “rnobarnbHbIX” MUHUMYMOB

Cnacunbo 3a BHMMaHue!

11/11



TreeLSTM

ij =0 (WOz; + U +30)
Pk (W(f)xj +UDh + b(f)) ,

Gir—=0 (W(O):L'j +Uh; + b(")) ,

uj = tanh (W(u)a:j + U(u)ﬁj - b(“)) :

¢;=1Qui+ » fix®ck
keC(j)

h; = 0o; ® tanh(c;),

12/11



Tree2Seq

Code of method

@verride protected void preHead| Page.HTML<_> html {
commonPreHead(html);

}

( LSTM Decoder

Attention Layer

r

{"node":"CODE_BLOCK","token":"<EMPTY>"}]}

Abstract Syntax Tree )

{"label":"pre|head","AST":[{"node":"METHOD","children":[1,2,3,4,13],"token":"<EMPTY>"}, -
{"node" : "MODIFIER_LIST|PROTECTED_KEYWORD","token":"protected"},{"node":"TYPE|-
VOID_KEYWORD","token":"void"},{"node":"IDENTIFIER","token":"<MN>"},{"node":"PARAMETER_LIST|-
PARAMETER","children":[5,12],"token":"<EMPTY>"},{"node":"TYPE|JAVA_CODE_REFERENCE","children":
[6,7,8],"token":"<EMPTY>"},{"node" : "JAVA_CODE_REFERENCE | IDENTIFIER","token":"page"}, -

{"node" : "IDENTIFIER","token":"html"},{"node" : "REFERENCE_PARAMETER_LIST","children":-
[9,10,11],"token" : "<EMPTY>"},{"node" : "LT","token":"<"},{"node" : "TYPE| JAVA_CODE_REFERENCE| -
IDENTIFIER","token":"_"},{"node":"GT","token":">"},{"node":"IDENTIFIER","token":"html"}, -

J

\Subtrees embeddings

TreeLSTM Encoder \

n

Y2 Y3

7

1

Ya Yo

T4 5 T ‘

T2

h; = tanh(We|cy; hy])

.

Node Embeddings

{"node’: ..., “token™: ...} —
token_embedding +
node_embedding

emb_size

«; = softmax (h’fWah,f) Ct = Z aih;
=1

/ p(Yt|y<t, z) = softmax(Wshy)
[2] Luong et. al, “Effective Approaches to Attention-based Neural Machine Translation”, arXiv:1508.04025
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Some improvements of SGD

e Momentum: ,
Without

my = Bmy_1 +1n:VL(0;_1)

With

e Nesterov acceleration: M¢ = Bmy—1 +mVL(0i—1 — Bmy_1)

A .

Classic L
Momentum

A 4

'
Wlook_ahead
Wo Wo

[3] Sutskever et al., “On the importance of initialization and momentum in deep learning”, JMLR: W&CP volume 28, 2013

A 4

Nesterov
acceleration
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Ad a ptlve m eth Od S. Ad am E?:]ngqg_n;;eztoa;s“Adam: a Method for Stochastic Optimization.

Nnes: OGHOBNSATL NapaMeTpbl B 3aBUCMMOCTU OT TOFO, HACKOMNbKO MHOIO 3HAYMMO cpeaHee
HanpaereHne Ux MMMynbca OTHOCUTENbHO BTOPOro MOMEHTaA

LLlar obHoBneHus:

BbluMCrisieM rpagueHT: gi = VL(Ot_l)
Hakannveaem nmnynbc: myy = 51’[)’“_1 - (]_ — Bl)gt
OueHVBaeM 4acToTy OGHOBMEHMWIA; v = ,82Ut—1 + (1 - 52)9?
KoppekTupyem cmelleHme: Tht — my I Ut

0, =0 — It 1,4 ~ Signal-noise ratio
O6HoBMsSIEM NapameTpsbi: t t—1 = y 15/11
t



Adaptive methods disadvantage. Warm-up

Train loss vs #iterations for Transformers on De-En

\ IWSLT 14
EcTtb npobnema: Ha HavanbHbIX Warax 9
o0y4eHna gucnepcnsa aganTUBHOIO Liara o1
MOXET ObITb O4eHb DOMbLUON — MOXEM o1
agenartb o4yeHb bonbluMe warm Ha oCHoBeE | _
ManeHbKOro Konn4yecTsa JaHHbIX U A 'Over_'apped T
nonagaTb B NNIOXMe JNToKallbHble O0 10k 20k 30k 40k 50k 60k 70k
MNHUMYMbI - Adam-eps — Adam-2k — Adam-vanilla
--- RAdam - - - Adam-warmup

HaunBHble pelueHuns
Mpobnema:

V€

Adam-warmup: "It = tno, if t < Twarmup
1 /
Py = \ Adam-eps: € ~ 10™* (craHgaptHbii € ~ 107° )
Adam-2k: nepsble 2k ntepauuim o6HOBNAEM TOSbKO Yy

[4] Liu et al. “On The Variance Of The Adaptive Learning Rate And Beyond”, arXiv:1908.03265, 2020 16/11



RAdam

Npes: naBanTe SBHO OrpaHu4MM AMcnepcuio aganTUBHOIO MHOXMUTENS

1-—
ApanTtmBHbIK MHOXUTENDL (Adam ¥(g1y---y9t) -
Adam): wlon--90) =\ T gv g
*, 2p—5 -1 p—1

Ero aucnepcus : _af_p P2 £ P ~ P

pons's Dyt = (25 - =825 05) ) * s atm
[lobaBnssem MHOXUTENb, —:9 —4
MUHUMU3U Y . D[’"t?/f(gl, ,gt)] = Duin, 1t = (o )(pt Jce

PYIOLLMI ONCNEPCUIO: (Poo — 2)(Poo—a)pt
f "HemHOro matemaTuku:; \

= 9?(.) ~ Scale-inv-x2(t, 1/0?)
ZZ W ) 2t85 2t 35

Ha camom pene ¥2(.) ~ Scale-inv-x?(p,1/0?) , rpe P = p(t) = 1— By 1- 1— 8t Poo = 7 Bt

p
2(p = 2)(p—4)o* §

Mycts gi ~ N(0,0%), Torna ¥(.)

N

2p—5 _ .
B sTom crnyyae npu p > 4 BepHO Di(.) = T ( = P2 B(p21,p21>)%
p—




RAdam

Algorithm 2: Rectified Adam. All operations are element-wise.

Input: {a;}7_,: step size, {31, B2}: decay rate to calculate moving average and moving 2nd
moment, 0y initial parameter, f;(6): stochastic objective function.

Effective SMA size (rho) vs iteration

Output: 6;: resulting parameters 000 | EEEmem TR R
1 Mg, vg < 0,0 (Initialize moving 1st and 2nd moment) .
2 Poo < 2/(1 — B2) — 1 (Compute the maximum length of the approximated SMA) =%
s whilet = {1,--- ,T} do T
4 gt < Vo fi(6;—1) (Calculate gradients w.r.t. stochastic objective at timestep t) < u:z
5 vy < 1/Bovi_1 + (1 — B2)g? (Update exponential moving 2nd moment) 50
6 my < Pimy—1 + (1 — 51)g: (Update exponential moving 1st moment) 250
7 my <+ my/(1 — 3%) (Compute bias-corrected moving average) R T 350 Om;'.:o
8 Pt Poo — 2tB% /(1 — BE)(Compute the length of the approximated SMA) ectifcation te’ n ve teration
9 if the variance is tractable, i.e., p; > 4 then 1o
10 I < /(1 — BE) /v (Compute adaptive learning rate) 08
11 Ty — \/ ((pp ;__44))((”;;2_)5)’“’; (Compute the variance rectification term) 06
12 0y < 6;_1 — ayrymyl; (Update parameters with adaptive momentum) .
13 else
14 |_ 0; < 0;_1 — aym; (Update parameters with un-adapted momentum) 021

15 return O

500 1000 1500 2000 2500 3000 3500 4000

' 18/11

o4




Lamb

Algorithm 2 LAMB

Input: z; € R%, learning rate {n: }7—,, parameters
0 < B1, B2 < 1, scaling function ¢, € > 0
Setmg =0,v9 =0
fort =1to 7T do
Draw b samples S; from PP.
Compute g: = |S—1t| Dowsesy Vv as)-
me = Bimi—1 + (1 — B1)ge
vt = Bavi—1 + (1 — B2)g7
me =mq/(1— B1)
Ve = ’Ut/(l = ,83)

Compute ratio r; = —=t—
; i z{®) % i ‘ 1
o0, = o~ SO | 300) e 0,1, h) ~layer, $(z) = min(max(z, 1), Ya)

t i 7
Im$ 4zl
end for

You et al. “Large Batch Optimization For Deep Learning: Training Bert In 76 Minutes”, 2020, arXiv:1904.00962 191



Lookahead

Npes: pasbruBaem obyyeHne Ha “ObicTpble” 1 “MeaneHHble” Beca. 3TO NOMOXET CHU3UTb AUCMEPCUIO
obHoBNEHNN 1 caenaTtb 0byyeHne bonee CTaburbHbIM U YCTONYNBBLIM K UBMEHEHUIO TMNeprnapaMmeTpoB

CIFAR-100 accuracy surface with Lookahead interpolation

SGD continued
—A— Slow weights ¢
-=-- Fast weights 6

Algorithm 1 Lookahead Optimizer:

Require: Initial parameters ¢, objective function L
Require: Synchronization period k, slow weights step
size «, optimizer A
fort=1,2,... do
Synchronize parameters 6; o < ¢;—1
for: =1,2,...,kdo K~5.10
sample minibatch of data d ~ D
Ori < 0 5—1+ A(L,6;;-1,d)
end for
Perform outer update ¢y <— ¢¢—1+(0r 1 — Pr—1)
end for
return parameters ¢

Lookahead continued

20/1
[56] Zhang et al., “Lookahead Optimizer: k steps forward, 1 step back”, NeurlPS 2019



Stochastic Weight Averaging

Npes: SGD CKMOHEH CXOANTbCS K TOYKaM, pacnosioXKeHHbIM BfIM3KO K rpaHmuaM fiokasbHbIX
MUHUMYMOB. [laBanTe BO3bMEM HECKOSLKO TOYEK C KOHLa TpaekTopum obydeHmna SGD,
YCPEOHUM UX N NOSTYYUM TOMKY, Jiexallyto riyoboko B 0b6racTy nokanbHOro MMHUMYMa

55 Train loss Test error (%
17 ”

30.0

Test error Train loss

275 @® SWA @ SWA 20 { 17
B SGD B SGD A
2250 15
5 38 % 03758
= c
5] s 0.1874
' 25 10,2
L
01017
200 05
0.06269
175 0.0 0.04494
—80 —60 —40 -20 0 20 40 l oigania
Distance _10 o 10 2 ;
0.01
1
1
0.008
I
B -- 06wmii 6 '
-- 0oL orogxXeTt 0.006 |

o0y4veHus

0.004

|
|
|
0002 |
|
|

0

211

[7] Izmailov et al., “Averaging Weights Leads to Wider Optima and Better Generalization”, arXiv:1803.05407, 2019 "



Stochastic Variance Reduced Gradients (SVRG)

Procedure SVRG

Parameters update frequency m and learning rate n
Initialize ’U~/‘()
Iterate: fors =1,2,...

W = Ws_1

p=13" V(@)

Wy = w

Tterate: fort =1,2,...,%

Randomly pick i; € {1,...,n} and update weight
wy = wy—1 — N(V;, (wi—1) — Vo, (0) + 1)

end

option I: set wys = w,,

option II: set W, = w; for randomly chosent € {0,...,m — 1}
end

“In order to apply SVRG to nonconvex
problems such as neural networks, it is
useful to start with an initial vector w that
is close to a local minimum (which may be
obtained with SGD), and then the method
can be used to accelerate the local
convergence rate of SGD (which may
converge very slowly by itself). If the
system is locally (strongly) convex, then
Theorem 1 can be directly applied, which
implies local geometric convergence rate
with a constant learning rate.”

Theorem 1. Consider SVRG in Figure 1 with option II. Assume that all 1; are convex and both (5)
and (6) hold with v > 0. Let w, = arg min,, P(w). Assume that m is sufficiently large so that

B 1 & 2Ln 2
(1 =2Lp)m ~ 1-2Ly ;
then we have geometric convergence in expectation for SVRG:

E P(ws) < E P(w,) + a®[P(ig) — P(w,)]

(@]

22/11



Barzilai-Borwein

Pa3noxum 1occ B OKPECTHOCTYM TEKyLLien TOYKM W, 0 2010 nopsaka:

L(wi + Aw) ~ L(wg) + VL(wi) ' Aw + %A-wTH('u_.'k)Aw

CBs13b rpaieHTOB 1 reccmaHa:
VL(wi+Aw) = VL(wk) + H(wk)Aw < VL(wi + Aw) — VL(wy) = H(wg)Aw (1)
OnTumansHoe o6HOBNEHME:

Aillp = —H(wk)_IVL(wk)

B criyuae HeipoHHbIX CeTel reccuaH NPOCTO He BMe3eT B NaMsATh, AaBaiiTe Ha Kax/aoM Lare nbitaTbcs Nprbnuants H(w, )™

¢ nomotubto (a, ') -
« Least-squares problem: (let 3 =a™') .
1 : ‘ . (s(k—l))Ts(k—l) y

ot L (k=1 p o (k-1)2 1 _

. —drg;nln2||s R=E " = o (s0—D)Ty—1) o
= Alternative Least-squares problem: 005 J

: 1 B e ‘ s(k’_l) T, (k—1) 500 1k 1.5k 2%
(v = arg min —||s(L g y("' 1)(1”2 — ai = ( )y

” 2 (y(:—1)) T gy(k—1) 23/11



Metrics

relevant elements

false negatives true negatives

©e o o O o)

true positives  false positives

selected elements

How many selected How many relevant
items are relevant? items are selected?
Precision = Recall = ——

number of n-grams found in output and reference

precision = -
number of n-grams in output

number of n-grams found in output and reference

recall = -
number of n-grams in reference

Pl — 2 - preciston - recall

precision + recall

output len

BLEU = min (1,
reference len

3
) (Hprecisioni) 3
i=1

24/11



Meteor

Reference the cat sat on the mat
Hypothesis on the mat sat the cat
0.5000 = 1.0000 1 — 0.5000
Score Fmean x ( Penall._v)
1.0000
Fmean 1.0000 = 10 x 1.0000 -
" Brecision . 1,0000 + 9 » 1.0000
Recall Precision
0.5000 = 0.5 x _1.0000°
Penalty & Fragmentation
6.0000
F tation 1. = —
ragmentation 1.0000 6.0000
Matches
Reference the cat sat on the mat
Hypothesis the cat sat on the mat
L9977 = 1.0000 1—0.0023
Score 0 Fmean & ( %enalty)
10000
F 1.0000 = 10 x 1.0000 :
e " Brecision . 1,0000 + 9 » 1.0000
Recall Precision
0.0023 = 0.5 x 0.1667°
Penalty x Fragmentation
1.0000
F tation (0.1667 = —
ragmentation (0.166 6.0000

Matches

25/1



val/fl

rouge-2-f1

Experiment results. Global methods

val/fl
0425
0.400
0.375
0350
0325
0.300 — SGD_decay_global
~— Adam_global
0275 —— RAdam_global
— Lamb_global
0250 ~ Lookahead_sgd
~— Lookahead_RAdam
500 1000 1500 2000 2500 3000 3500 4000
Step
rouge-2-f1
018
016
014
— SGD_decay_global
012 ~— Adam_global
—— RAdam_global
— Lamb_global
010 ~ Lookahead_sgd
— Lookahead_RAdam
500 1000 1500 2000 2500 3000 3500 4000
Step

val/loss

17

14

SGD_decay_global
Adam_global
RAdam_global
Lamb_global
Lookahead_sgd
Lookahead_RAdam

046

045

102]0 15(’)0 ZObO 25‘00 35‘00 40'00

500 3000
Step
rouge-L
— SGD_decay_global
~ Adam_global
~—— RAdam_global
— Lamb_global
~ Lookahead_sgd
— Lookahead_RAdam
500 1000 1500 2000 2500 3000 3500 4000
Step 26/11




Experiment results. Local methods

valffl valfloss
14.1{ — SVRG_local
0434 = SWA_cyclic_local
— RAdam_local
14.0 1 — Adam_local
0432 ~— LaRAdam_local
i — BB_local
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RAdam performance

Training PPL SO Table 1: Image Classification
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Figure 5: Training of ResNet-18 on the ImageNet and ResNet-20 on the CIFAR10 dataset.
28/11



SWA performance

Table 1: Accuracies (%) of SWA, SGD and FGE methods on CIFAR-100 and CIFAR-10 datasets for different training
budgets. Accuracies for the FGE ensemble are from Garipov et al. [2018].

SWA

DNN (Budget) SGD FGE (1 Budget) 1 Budget 1.25 Budgets 1.5 Budgets
CIFAR-100

VGG-16 (200) 12.551+0.10 74.26 7391 +0.12 741740.15 74.2710.25

ResNet-164 (150) 78.49 + 0.36 79.84 79.77+0.17 80.184+0.23 80.35+0.16

WRN-28-10 (200) 80.82 + 0.23 82.27 81.46 +0.23 81.91+0.27 82.15+4+0.27

PyramidNet-272 (300) 83.41 +0.21 - - 83.93 +0.18 84.16 +0.15
CIFAR-10

VGG-16 (200) 93.25 £ 0.16 93.52 93.59+0.16 93.70+0.22 93.64+0.18

ResNet-164 (150) 95.28 +0.10 95.45 95.56 £ 0.11 95.77+0.04 95.83 +0.03

WRN-28-10 (200) 96.18 £ 0.11 96.36 96.45+0.11 96.64 +0.08 96.79 4+ 0.05

ShakeShake-2x64d (1800) 96.93 £+ 0.10 - - 97.16 £ 0.10 97.12 4+ 0.06
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LAMB performance

Solver | batch size | steps | FI score ondev set | TPUs | Time
Baseline 512 1000k 90.395 16 81.4h
LAMB 512 1000k 91.752 16 82.8h
LAMB 1k 500k 91.761 32 43.2h
LAMB 2k 250k 91.946 64 21.4h
LAMB 4k 125k 91.137 128 | 693.6m
LAMB 8k 62500 91.263 256 | 390.5m
LAMB 16k 31250 91.345 512 | 200.0m
LAMB 32k 15625 91.475 1024 | 101.2m
LAMB 64k/32k 8599 90.584 1024 | 76.19m
Batch Size | 512 | 1K | 2K | 4K | 8K | 16K | 32K
LARS 90.717 | 90.369 | 90.748 | 90.537 | 90.548 | 89.589 | diverge
LAMB 91.752 | 91.761 | 91.946 | 91.137 | 91.263 | 91.345 | 91.475
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Hypothesis

Train loss landscape
Starting point "

Large learning rate
Small learning rate

--------------------------------- Zero train loss

Annealing to small learning rate
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