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Motpebnenne namstn npu obyyenun GPT-2 !
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® Pasmep mogenn 1.5 B. Beca mogenu 8 fpl6 3anumatot Bcero 3 GB, ogHako, Ans HaueHOro obydeHns He xBaTuT
GPU paxe Ha 32 GB

‘f - 5“.}‘2 Obyuenue bonbwnx mogenei 0 O


https://arxiv.org/abs/1910.02054
https://fmin.xyz
https://mipt24.fmin.xyz
https://github.com/MerkulovDaniil/mipt24
https://t.me/fminxyz

Motpebnenne namstn npu obyyenun GPT-2 !

Fragmentation Temporary Buffers .
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Activations (with ~ Optimizer States (fp32  Optimizer States (fp32 Optimizer States (fp32
checkpointing) Variance) Momentum) Parameters)

® Pasmep mogenn 1.5 B. Beca mogenu 8 fpl6 3anumatot Bcero 3 GB, ogHako, Ans HaueHOro obydeHns He xBaTuT
GPU paxe Ha 32 GB
® [Ins ucnonb3oBanus Adam B pexxume mixed precision Heobxoanumo xpavuts 3 (1) konun mogenn B fp32.
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Motpebnenne namstn npu obyyenun GPT-2 !

Fragmentation Temporary Buffers .
Overhead (Variable) (fp32) Gradients (fp16) Parameters (fp16)
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Activations (with ~ Optimizer States (fp32  Optimizer States (fp32 Optimizer States (fp32
checkpointing) Variance) Momentum) Parameters)

® Pasmep mogenn 1.5 B. Beca mogenu 8 fpl6 3anumatot Bcero 3 GB, ogHako, Ans HaueHOro obydeHns He xBaTuT
GPU paxe Ha 32 GB

® [Ins ucnonb3oBanus Adam B pexxume mixed precision Heobxoanumo xpavuts 3 (1) konun mogenn B fp32.

® AKTMBauuM B HAMBHOM PEXMME MOTYT 3aHMMAaTb ropasfo bosblue namsaTu: Ans AnuHbl nociegosaTensHocTu 1K
n pasmepa 6aTtya 32 HyxxHo 60 GB anis xpaHeHust Bcex NPOMEXYTOYHbIX akTUBauuii. YeknouHTUHr akTuBauuii
No3BoNsieT cokpaTuTb noTpebnerne go 8 GB 3a cuér nx nepesbiuncnenus (33% computational overhead)

1ZeRO: Memory Optimizations Toward Training Trillion Parameter Models
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Large batch training °
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2Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour
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Large batch training 3
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3An Empirical Model of Large-Batch Training
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#Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour
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Linear and square root scaling rules

When training with large batches, the learning rate must be adjusted to maintain convergence speed and stability. The
linear scaling rule® suggests multiplying the learning rate by the same factor as the increase in batch size:

Batch Size,,,,

«Q T T
Batch Size,.,

new — (base *

The square root scaling rule® proposes scaling the learning rate with the square root of the batch size increase:

Batch Size,,,,
Batch Size,,.,

new — pase *

Authors claimed, that it suits for adaptive optimizers like Adam, RMSProp and etc. while linear scaling rule serves well
for SGD.

5Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour
6Learning Rates as a Function of Batch Size: A Random Matrix Theory Approach to Neural Network Training
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Gradual warmup ’
Gradual warmup helps to avoid instability when starting with large learning rates by slowly increasing the learning rate
from a small value to the target value over a few epochs. This is defined as:

where ¢ is the current iteration and T}, is the warmup duration in iterations. In the original paper, authors used first 5
epochs for gradual warmup.
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8Scaling Laws and Compute-Optimal Training Beyond Fixed Training Durations
9Scaling Vision Transformers
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NanoGPT speedrun
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I0OKWN, eCNun yBenn4nTb pasmep mogenun?
Scaling up the NanoGPT (124M) speedrun
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PaboTtalor nn Tproku, ecnm ysenmuntb pasmep mogenn?
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Impact of initialization °

@ Properly initializing a NN important. NN loss is highly nonconvex; optimizing it to attain a
hard, requires careful tuning.

" “good'" solution

® Don't initialize all weights to be the same --- why?
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Impact of initialization °

@ Properly initializing a NN important. NN loss is highly nonconvex; optimizing it to attain a * ~good'" solution
hard, requires careful tuning.

® Don't initialize all weights to be the same --- why?
® Random: Initialize randomly, e.g., via the Gaussian N (0, 02), where std o depends on the number of neurons in
a given layer. Symmetry breaking.
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Impact of initialization *°

@ Properly initializing a NN important. NN loss is highly nonconvex; optimizing it to attain a * ~good'" solution

hard, requires careful tuning.

® Don't initialize all weights to be the same --- why?

® Random: Initialize randomly, e.g., via the Gaussian N (0, 02), where std o depends on the number of neurons in
a given layer. Symmetry breaking.

® One can find more useful advices here

100n the importance of initialization and momentum in deep learning llya Sutskever, James Martens, George Dahl, Geoffrey Hinton
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Baunsinne nunumanusaunm Becos HelipOHHOM CETU Ha CXOAUMOCTb MeToaoB 'l
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Puc. 8: 30-layer ReLU net: good init is able to converge

"Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification, Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian
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® SVRG / SAG patot ybeanTenbHble BINMPbILN B BbIMYKIbIX

3agadax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatoT obbiunbili SGD.
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MeToabl yMeHbLIEHUs aucnepcun: novemy He pabotatot Ha rnybokux cersix? 12
® SVRG / SAG patoT ybepnTesibHbIe BLIUMPbLILWN B BbINYKJIbIX

3agadax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatoT obbiunbili SGD.

® llamepeHHoe OTHOLLEHNE
«pauncnepens SGD / ancnepensi SVRG» octaéres < 2 gst
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MeTopabi ymeHbLueva Avcnepcuv: nodemy He paboTatoT Ha rnybokux cetax? 2

® SVRG / SAG patoT ybepnTesibHbIe BLIUMPbLILWN B BbINYKJIbIX
3agadax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatoT obbiuHbIi SGD.

® lI3mepeHHOe OTHOLIEHME

‘ ‘ ‘ ‘ ‘ «pauncnepens SGD / ancnepensi SVRG» octaéres < 2 gst

e T BONBLIMHCTBA CNOEB - TO €CTb PEaAsSIbHOE CHUKEHUE LWYMa

Epoch Epoch

Puc. 9: DenseNet Puc. 10: Small ResNet MUHUMANBHO.
® BO3MOXKHbIE NPUYNHBI:
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MeTtogbl ymeHbLIEeHUSa gucnepcun: nodemy He paboTtaioT Ha rnybokux cerax? 2
. ® SVRG / SAG patoT ybepnTesibHbIe BLIUMPbLILWN B BbINYKJIbIX
3agadax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatoT obbiuHbIi SGD.
® lI3mepeHHOe OTHOLIEHME
‘ ‘ ‘ ‘ ‘ «pauncnepens SGD / ancnepensi SVRG» octaéres < 2 gst
Cor S BONBLIMHCTBA CNOEB - TO €CTb PEaAsSIbHOE CHUKEHUE LWYMa
Puc. 9: DenseNet Puc. 10: Small ResNet MUHUMATTBHO.
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MeToabl yMeHbLIEHUs aucnepcun: novemy He pabotatot Ha rnybokux cersix? 12
] ® SVRG / SAG patoT ybeanTenbHble BoIMIPLILLN B BbIMYKIbIX
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Puc. 9: DenseNet Puc. 10: Small ResNet MUHUMATTBHO.
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MeTtogbi ymeHbLueva aucnepcun: nodemy He pabotaloT Ha rnybokux cerax? 12
® SVRG / SAG patoT ybepnTesibHbIe BLIUMPbLILWN B BbINYKJIbIX

3agadax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatoT obbiuHbIi SGD.
® |I3MepeHHOe OTHOLLEHNE
‘ ‘ ‘ «pauncnepens SGD / ancnepensi SVRG» octaéres < 2 gst
Cr s S BONBLIMHCTBA CNOEB - TO €CTb PEaAsSIbHOE CHUKEHUE LWYMa
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SVR Variance / SGD Variance
SVR Variance / SGD Variance,

Puc. 9: DenseNet Puc. 10: Small ResNet MUHUMANBHO.
® BO3MOXKHbIE NPUYNHBI:

® AyrmeHTauus AaHHbIX OeaeT ONOPHbIN PAfNEHT gof

T yCTapeBLnM yxe nocie napbl minibatch-ei.
e ® BatchNorm v Dropout 5o6aBnsitoT BHYTpeHHO0
5 : -..-.E CTOXaCTUYHOCTb, KOTOPYIO HEBO3MOXXHO KOMMEHCUPOBaTh
. 1 NpoWIbIM Gyef.
2 o ® [lonoaHnTeNbHbI NOMHBIN Npoxog no agatacety (ans
7 ‘ ‘ ‘ R NOACHETA Gyef) CHEAAET MOTEHLNASILHYIO SKOHOMUIO UTEPALMiA.
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Puc. 11: LeNet-5 Punc. 12: ResNet-110
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MeTopabi ymeHbLueva aucnepcuu:

SVR Variance / SGD Variance

’ enusye

SVR Variance / SGD Variance,

0 50 100 150
Epoch

Puc. 9: DenseNet

0 50 100 150 200
Epoch

Puc. 10: Small ResNet

SVR Variance / SGD Variance

L
0 50 100 150
Epoch

Puc. 11: LeNet-5

100 150 200
Epoch

Puc. 12: ResNet-110

L
200

f — min
r.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEe, YeM KaXKeTcs

noyemy He paboTatoT Ha rnybokux cetsax? 2

® SVRG / SAG patoT ybepnTesibHbIe BLIUMPbLILWN B BbINYKJIbIX
3agadax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatoT obbiuHbIi SGD.

® |I3mepeHHOe OTHOLLIEHME
«pauncnepens SGD / ancnepensi SVRG» octaéres < 2 gst
BONBLINHCTBA CNOEB - TO CTb PEAsIbHOE CHUXKEHUE LIyMa
MUHUMANBHO.

® B03MOXHbIE MPUYUHbI:
® AyrmeHTauus AaHHbIX OeaeT ONOPHbIN PAfNEHT gof
ycTapeBwunm yxxe nocse napsl minibatch-eii.
® BatchNorm v Dropout 5o6aBnsitoT BHYTpeHHO0
CTOXaCTNHHOCTb, KOTOPYHO HEBO3MOXXHO KOMMNEHCNPOBATb
MPOLLBLIM Gef-
® [lonoaHnTeNbHbI NOMHBIN Npoxog no agatacety (ans
NOACHETA Gyef) CHEAAET MOTEHLNASILHYIO SKOHOMUIO UTEPALMiA.
® «Crpumunrosbie» mogudumkaunm SVRG, paccuutanHbie
Ha ayrMeHTaLMIO, CHUXKAIOT TEOPETMYECKOE CMELLEHNE, HO

Takxe npourpbieatoT SGD no BpemeHn n KayecTsy.
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MeTopabi ymeHbLueva Aucnepcun: nodemy He paboTaloT Ha rnybokux cetax? 2

2”“...-l--oll-ll

SVR Variance / SGD Variance

0 50 100 150 0 50 100 150 200
Epoch Epoch

Puc. 9: DenseNet Puc. 10: Small ResNet

SVR Variance / SGD Variance

0 L L . .
0 50 100 150 200 100 150 200
Epoch Epoch

Puc. 11: LeNet-5 Puc. 12: ResNet-110

® SVRG / SAG patoT ybepnTesibHbIe BLIUMPbLILWN B BbINYKJIbIX

3agadax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatoT obbiuHbIi SGD.
N3mepeHHoe oTHoweHMe
«pauncnepens SGD / ancnepensi SVRG» octaéres < 2 gst
6OJIbLINHCTBA CIOEB - TO €CTb PeasibHOE CHUKEHME LUyMa
MUHUMASBHO.
BosmoxHble npnyimnHbl:
® AyrmeHTauus AaHHbIX OeaeT ONOPHbIN PAfNEHT gof
ycTapeBwunm yxxe nocse napsl minibatch-eii.
® BatchNorm v Dropout 5o6aBnsitoT BHYTpeHHO0
CTOXaCTNHHOCTb, KOTOPYHO HEBO3MOXXHO KOMMNEHCNPOBATb
MPOLLBLIM Gef-
® [lonoaHnTeNbHbI NOMHBIN Npoxog no agatacety (ans
NOACHETA Gyef) CHEAAET MOTEHLNASILHYIO SKOHOMUIO UTEPALMiA.
«Crpumunroebie» mogudukaunm SVRG, paccuutanHbie
Ha ayrMeHTaLMIO, CHUXKAIOT TEOPETMYECKOE CMELLEHNE, HO
Takxe npourpbieatoT SGD no BpemeHn n KayecTsy.
BbiBoa: CyLlecTBylOUME METOALI YMEHbLUEHUST JUCNEPCAN
HEMPaKTNYHbI 4151 COBPEMEHHBIX TyDOKuMX ceTeid; Dyayuine
peLleHnst JOSIKHbI YHUTbIBaTb CTOXaCTUHHOCTb apXUTEKTYpbl
n gavHbix (ayrmenTaums, BatchNorm, Dropout).

B/ QQ/m thejlggiﬂfgg}iy‘guﬁss of Variance vegthAcKeagiKeQPtimization for Deep Learning 900 10
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Adam pabotaet xyxe gna CV, yem

10° 10’

]
1078 *d . 107
N

Training loss

10 +—F—T—T—110°+
0 Epoch 100 O

T T
Epoch 100
Puc. 13: CNNs on MNIST and CIFAR10

Yepble nunun - SGD; kpacHble nunun - Adam.

ana LLM? 13

8
6 10'
4

10°
2

T 10T 10 T
0 Epoch 100 0 Epoch 40 0 Epoch 5

Puc. 14: Transformers on PTB, WikiText2, and SQuAD

3Linear attention is (maybe) all you need (to understand transformer optimization)

‘f — min
Tz

Jta 334a4a ONTUMU3ALUN JaXKe CNOXKHEE, YeM KaXKeTCs

20
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Mouemy Adam pabotaet xyxe ans CV, yem ana LLM? 4

nOTOMy HYTO WYM IrPpaANEHTOB B A3bIKOBbIX MOAENAX NMEET TAXKEJble XBOCTbI?

MNIST CIFAR-10 PTB WikiText-2 SQuAD
200 . 100 7
%) 40 500
-*g 10 |
8 5 20 100 10— 50 10 250 10
0 0
0 0 0 0 0
0.1 0.2 25 30 0.7 0.8 0.9 1.0 1.2 2.5 5.0
Gradient error Gradient error Gradient error Gradient error Gradient error

#Linear attention is (maybe) all you need (to understand transformer optimization)

— min
‘f r.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEe, YeM KaXKeTcs

21
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Mouemy Adam pabotaet xyxe ans CV, yem gna LLM? 1°

Het! MeTkun nmetot taxenble xsocTbl!

B komnbloTepHOM 3peHnM gaTaceTbl HacTo | |
cbanancuposanbl: 1000 koTukos, 1000 neceneii n T.4. # Samp eS/C aSS
B s3bikoBbIX faTaceTax no4Tw BCerga He Tak: C/oBO the

. ® o
BCTPEYaeTCst 4acTo, C/IOBO tie Ha MOPSIAKUN pexxe ®

—

o
S
1

# samples
o
N
1

10 - T T T
10° 102 10*
Class index (sorted)

Puc. 15: Pacnpegenerue yactoTsl TokeHos B PTB

15Heavy-Tailed Class Imbalance and Why Adam Outperforms Gradient Descent on Language Models

— min
..z ITa 33243 ONTUMN3AUNKN AAXKE CNOXKHEE, YEM KAXKETCA
S min g ®0 0 »
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Mouemy Adam pabotaet xyxe ans CV, yem gna LLM? 1

SGD mep/ieHHO MporpeccupyeTt Ha peakux Kiaaccax

a) Samples/class b) Overall loss c) SGD d) Adam
g 10° \ 310 10 10
[o) o
€ 13 c
g 10 T 5 5 5
#® (=
107 T T 0+ T 01 T T 1 0 T
10° 102 10* 0 5k 10k 15k 0 5k 10k 15k 0 5k 10k 15k
Class index (sorted) Step Step Step
= SGD (with momentum) ~10% samples, least freq. classes

== Adam (with momentum) == =~ 10% samples, most freq. classes

SGD He gobuBaetcs nporpecca Ha HW3KOHaCTOTHbLIX Kflaccax, B To BpeMsi kak Adam pobusaetcs. Obyuenne GPT-2 S
Ha WikiText-103. (a) Pacnpeaenenue knaccos, oTCOPTUPOBaHHbBIX MO HaCTOTE BCTPEHAEMOCTU, pasbuTbIx Ha rpynmsbi,
cooteetcTaytowme ~ 10 % ganubix. (b) 3Hauenune dyHkunm noteps npu obyuernu. (c, d) 3HauveHne dyHKLMM noTeps
npu obydeHun ans kaxgoli rpynnsl npu ucnonbsosaHun SGD n Adam.

16Heavy-Tailed Class Imbalance and Why Adam Outperforms Gradient Descent on Language Models
B /— min 00 »

Jta 334a4a ONTUMU3ALUN JaXKe CNOXKHEE, YeM KaXKeTCs
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Busyanusauus c nomouwbio Npoekuun Ha nNpsimyto

® O60o3Ha4MM HauvasibHYIO TOUKY KaK W, NPeACTaBAsIOLLY0 coboli Beca HelipoHHOI CeTV MpW MHNLMAAN3aLNA.
Beca, nonyyenHble nocne obyderns, 0603HaYNM Kak .

L(a) = L(wy + aw, ), where a € [—b,b].

— min
‘f r.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEe, YeM KaXKeTcs P00 O
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Busyanusauus c nomouwbio Npoekuun Ha nNpsimyto

® 0b6o3Hauyum Ha4a/lbHYIO TOYKY KaK W, NPEACTaBAAIOLWYHO coboii Beca HeVIpOHHOVI CETN Npn NHNUMnann3ayunn.

Beca, nonyyenHble nocne obyderns, 0603HaYNM Kak .

® [eHepypyem cnyyaliHblli BEKTOP TaKoii ke pasMepHOCTM 1 HopMbl w; € RP, 3aTem BblUNCAEM 3HaYeHMe
hbyHKUMM NOTEPL BAOJL 3TOr0 BEKTOpa:

L(a) = L(wy + aw, ), where a € [—b,b].

— min
‘f r.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEe, YeM KaXKeTcs P00 O
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Mpoekunsa yHKLUUN NOTEPL HEVIPOHHOW CETU HA NPAMYIO

No Dropout
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Mpoekunsa yHKLUUN NOTEPL HEVIPOHHOW CETU HA NPAMYIO

Dropout 0.2

Loss surface. Line projection around the starting point Loss surface. Line projection around the final point
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Mpoekunsa dyHKLUUU NOTEPL HEIPOHHOW CETU HA NJIOCKOCTb
® Mbl MOXeM pacLVpUTb 3TY UAEH0 U NOCTPOUTL MPOEKLMIO MOBEPXHOCTU MOTEPb HAa MJIOCKOCTb, KOTOpasl 3aAaeTcst

2 Cﬂy‘-laﬁHblMI/I BEKTOpPamMn.

L(a, B) = L(wy + aw; + Bw,), where o, 3 € [—b,b].

No Dropout. Plane projection of loss surface.

After training

Before training

0

=23,

%%

@ 233

+ 0.6

z 0o

°

+ 232 2.32 0.5

e

= o of 0.4
231 £

231

f — min
2,9,z Ta 334343 ONTUMN3ALYN AAXKE CNOXKHEE, YeM KakeTcss


https://colab.research.google.com/github/MerkulovDaniil/optim/blob/master/assets/Notebooks/NN_Surface_Visualization.ipynb
https://fmin.xyz
https://mipt24.fmin.xyz
https://github.com/MerkulovDaniil/mipt24
https://t.me/fminxyz

Mpoekunsa dyHKLUUU NOTEPL HEIPOHHOW CETU HA NJIOCKOCTb
® Mbl MOXeM pacLVpUTb 3TY UAEH0 U NOCTPOUTL MPOEKLMIO MOBEPXHOCTU MOTEPb HAa MJIOCKOCTb, KOTOpasl 3aAaeTcst

2 cnyyaiiHbIMU BEKTOpamu.
® [lga cnyyaiiHbIX raycCoBbIX BEKTOPa B MPOCTPAHCTBE BOSIBLLOA Pa3MEPHOCTU C BbICOKOW BEPOSITHOCTbLIO

OpPTOroHanbHbI.

L(a, B) = L(wy + aw; + Bw,), where o, 3 € [—b,b].

No Dropout. Plane projection of loss surface.

Before training After training
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MoxeT nu 6bITb NONE3HO U3yyeHne Takux npoekuwmii? 1’

Puc. 19: The loss surface of ResNet-56

without skip connections Puc. 20: The loss surface of ResNet-56 with skip connections

7Visualizing the Loss Landscape of Neural Nets, Hao Li, Zheng Xu, Gavin Taylor, Christoph Studer, Tom Goldstein
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MoxeTt nu ObITb NonesHo n3y4eHmne Takux I'IpOEKLI,VII?i, ecnan cepbe3H0? 18
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Puc. 21: Examples of a loss landscape of a typical CNN model on FashionMNIST and CIFAR10 datasets found with MPO. Loss
values are color-coded according to a logarithmic scale

- 04

18] oss Landscape Sightseeing with Multi-Point Optimization, Ivan Skorokhodov, Mikhail Burtsev
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LL'I/IpI/IHa JNOKAJIbHbIX MUHNMYMOB
Y3kune n LnpoKne noKaJibHblie MNHNMYMbI
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— min
‘f r.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEe, YeM KaXKeTcs
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LL'I/IpI/IHa JNOKAJIbHbIX MUHNMYMOB
Y3kune n LnpoKne noKaJibHblie MNHNMYMbI

‘f — min
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Ta 33343 ONTUMN3ALNUN AAXKE CNOXKHEE, HYeM KaXKeTCs
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LL'I/IpI/IHa JNOKAJIbHbIX MUHNMYMOB
Y3kune n LnpoKne noKaJibHblie MNHNMYMbI
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‘f — min
Tz

rpa,D,I/IeHTHbIIZ CNyCK C MaJIEHbKM LLarom
CcXoOnTCA B y3KI/IIZ JIOKaJIbHbIN MWHNUMYM

Ta 33343 ONTUMN3ALNUN AAXKE CNOXKHEE, HYeM KaXKeTCs
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‘f — min
Tz

paAneHTHbIN cnycK ¢ 60NbLWINM LLIarom
n3beraeTt y3Koro sIOKajsbHOro MUMHUMYMa

Ta 33343 ONTUMN3ALNUN AAXKE CNOXKHEE, HYeM KaXKeTCs
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MO,D,EJ'IVI HE CX04ATCA K CTAUMNOHAPHbIM TOYKAM, HO 3TO HE CTpAdWHO !
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19NN Weights Do Not Converge to Stationary Points
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Grokking %

Modular Division (training on 50% of data)
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10! 102 10° 10* 10° 10°
Optimization Steps

Puc. 22: Training transformer with 2 layers, width 128, and 4
attention heads, with a total of about 4 - 10° non-embedding
parameters. Reproduction of experiments (™ half an hour) is
available here

‘f — min
2oz

Jta 334a4a ONTUMU3ALUN JaXKe CNOXKHEE, YeM KaXKeTCs

® PekomMeHayto nocMoTpeTh Nekuunto Amutpus Betposa
YaueutensHble cBoicTBa (hyHKUUN NOTEPb B
HeiiponHoin cetu (Surprising properties of loss
landscape in overparameterized models). @ Bngeo,

A
B Npesentayus
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Grokking %

Modular Division (training on 50% of data)

100 — train
— val
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[}
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10! 102 10° 10* 10° 10°
Optimization Steps

Puc. 22: Training transformer with 2 layers, width 128, and 4
attention heads, with a total of about 4 - 10° non-embedding
parameters. Reproduction of experiments (™ half an hour) is
available here

‘f — min
2oz

Jta 334a4a ONTUMU3ALUN JaXKe CNOXKHEE, YeM KaXKeTCs

® PekomMeHayto nocMoTpeTh Nekuunto Amutpus Betposa

YaueutensHble cBoicTBa (hyHKUUN NOTEPb B
HeiiponHoin cetu (Surprising properties of loss
landscape in overparameterized models). @ Bngeo,
B Npesentayus

e Agtop @ kanana Ceugetenn pagueHTa cobupaet
VHTEpecHble HabAOAEHNS 1 SKCNEPUMEHTBI MpPo
IPOKKUHT.
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Grokking %

® PekomMeHayto nocMoTpeTh Nekuunto Amutpus Betposa

Modular Division (training on 50% of data) y,ql/lBMTeanble ceoiicTea d)yHKLI,I/WI noteps B
100 — trai - - .. .
o Heiponnoi cetu (Surprising properties of loss
landscape in overparameterized models). @ Bngeo,
A
80 B Npesentayus

e Agtop @ kanana Ceugetenn pagueHTa cobupaet
VHTEpecHble HabAOAEHNS 1 SKCNEPUMEHTBI MpPo

> 60
g TPOKKUHT.
3
2 40 ® Takxe ectb @B Bugeo c ero goknagom Yem ne
SIBNSIETCS TPOKKUHT.
20
0

10! 102 10° 10* 10° 10°
Optimization Steps

Puc. 22: Training transformer with 2 layers, width 128, and 4
attention heads, with a total of about 4 - 10° non-embedding
parameters. Reproduction of experiments (™ half an hour) is
available here

D Grokking: Generalization Beyond Overfitting on Small Algorithmic Datasets, Alethea Power, Yuri Burda, Harri Edwards, Igor Babuschkin, Vedant
@00 33
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21Reconciling modern machine learning practice and the bias-variance trade-off, Mikhail Belkin, Daniel Hsu, Siyuan Ma, Soumik Mandal
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Exponential learning rate

® Exponential Learning Rate Schedules for Deep Learning

— min
‘f r.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEe, YeM KaXKeTcs
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Large batch training *
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22 Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour
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Large batch training 2
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2 Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour
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Large batch training %

Effective batch size (kn) « top-1 error (%)
256 0.05 23.92 £ 0.10
256 0.10 23.60 £ 0.12
256 0.20 23.68 & 0.09
8k 0.05 - 32 24.27 £ 0.08
8k 0.10 - 32 23.74 £ 0.09
8k 0.20 - 32 24.05 £ 0.18
8k 0.10 41.67 = 0.10
8k 0.10-v/32  26.22 + 0.03

Comparison of learning rate scaling rules. ResNet-50 trained on ImageNet. A reference learning rate of & = 0.1 works
best for kn = 256 (23.68% error). The linear scaling rule suggests o = 0.1 - 32 when kn = 8k, which again gives best
performance (23.74% error). Other ways of scaling «v give worse results.

% Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour
‘f - fu.}‘; Large batch training P00 O 40
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Linear and square root scaling rules

When training with large batches, the learning rate must be adjusted to maintain convergence speed and stability. The
linear scaling rule® suggests multiplying the learning rate by the same factor as the increase in batch size:

Batch Size,,,,

«Q T T
Batch Size,.,

new — (base *

The square root scaling rule’® proposes scaling the learning rate with the square root of the batch size increase:

Batch Size,,,,
Batch Size,,.,

new — pase *

Authors claimed, that it suits for adaptive optimizers like Adam, RMSProp and etc. while linear scaling rule serves well
for SGD.

% Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour
%) earning Rates as a Function of Batch Size: A Random Matrix Theory Approach to Neural Network Training
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Gradual warmup %/
Gradual warmup helps to avoid instability when starting with large learning rates by slowly increasing the learning rate
from a small value to the target value over a few epochs. This is defined as:

where ¢ is the current iteration and T}, is the warmup duration in iterations. In the original paper, authors used first 5
epochs for gradual warmup.

100 T T T T T T T T T T T T
L, kn=256, n= 0.1, 23.60%£0.12
kn= 8k, 7= 3.2, 25.88%%0.56

, 23.60%%0.12

kn=256, 23.60%x0.12 0.1
3.2, 23.74%+0.09

7= 0.1,
kn= 8k, m= 3.2, 24.84%%0.37

n
90 kn= 8k, 7

| ‘ kn=256,

80

70 -

60

50

training error %

40 -

30

20
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80

epochs epochs epochs

Puc. 23: no warmup Puc. 24: constant warmup Puc. 25: gradual warmup

27A<_:curate, Large Minibatch SGD: Training ImageNet in 1 Hour
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Gradient accumulation

Gradient accumulation allows the effective batch size to be increased without requiring larger memory by
accumulating gradients over several mini-batches:

Without gradient accumulation

for i, (inputs, targets) in enumerate(data):
outputs = model(inputs)
loss = criterion(outputs, targets)
loss.backward()

optimizer.step()
optimizer.zero_grad()

‘/ - Wy‘rﬁ Large batch training
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Gradient accumulation

Gradient accumulation allows the effective batch size to be increased without requiring larger memory by
accumulating gradients over several mini-batches:

Without gradient accumulation With gradient accumulation

for i, (inputs, targets) in enumerate(data): for i, (inputs, targets) in enumerate(data):
outputs = model(inputs) outputs = model(inputs)
loss = criterion(outputs, targets) loss = criterion(outputs, targets)
loss.backward() loss.backward ()

if (i+1) % accumulation_steps ==

optimizer.step() optimizer.step()
optimizer.zero_grad() optimizer.zero_grad()

‘f - ?qyu} Large batch training P00 O 43
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MultiGPU training
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Data Parallel training
1. Parameter server sends the full copy of the model to each device

B /= min \GPU training
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Data Parallel training
1. Parameter server sends the full copy of the model to each device
2. Each device makes forward and backward passes
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Data Parallel training

1. Parameter server sends the full copy of the model to each device
2. Each device makes forward and backward passes

3. Parameter server gathers gradients

B /= min \GPU training
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Data Parallel training

1. Parameter server sends the full copy of the model to each device
2. Each device makes forward and backward passes

3. Parameter server gathers gradients

4. Parameter server updates the model

Per device batch size: b. Overall batchsize: Db. Data parallelism involves splitting the data across multiple GPUs,
each with a copy of the model. Gradients are averaged and weights updated synchronously:

GPU1
X, 0, VoL (0k, X1)
Forward pass L(0, X1)

Backward pass VoL(0x, X1)

Parameter server . Parameter server
GPUi

X, O

Model 6 Model 61

L Forward pass L(0, X;) "y
Optimizer state sy ) Optimizer state $y1
Data X1, X5,...,Xp Backward pass voL(ek’Xl) Data X1, X5,...,Xp

GPUD

Xp.0, |Forward pass L(6, Xp) VoL(6y, X,
Dok Backward pass VoL(6k, Xp) ok O, Xo)

B /= min \GPU training 00
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Distributed Data Parallel training

Distributed Data Parallel (DDP) 28 extends data parallelism across multiple nodes. Each node computes gradients
locally, then synchronizes with others. Below one can find differences from the PyTorch site. This is used by default in
®@Accelerate library.

DataParallel DistributedDataParallel
More overhead; model is replicated and destroyed at each Model is replicated only once
forward pass
Only supports single-node parallelism Supports scaling to multiple machines
Slower; uses multithreading on a single process and runs Faster (no GIL contention) because it uses
into Global Interpreter Lock (GIL) contention multiprocessing

2 Getting Started with Distributed Data Parallel
‘f% fu.}‘; MultiGPU training P00 O 46
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Naive model parallelism

Model parallelism divides the model across multiple GPUs. Each GPU handles a subset of the model layers, reducing
memory load per GPU. Allows to work with the models, that won't fit in the single GPU Poor resource utilization.

GPU1 F
6s) GPU 2
6c) GPU 3
6,) GPU 4

Model

LayerA LayerB LayerC LayerD

Update 6 F2 Update 6
F1 Update 6s F2 Update 6s
F1 Update 8¢ F2 Update 8¢
F1 Update 8o F2 Update 8o
l l l Lame
1 1 1 | g
Start Full Batch 1 Batch 2

B/~ M \GPU training

model forward

Puc. 27: Model parallelism
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Pipeline model parallelism (GPipe) *°

GPipe splits the model into stages, each processed sequentially. Micro-batches are passed through the pipeline,
allowing for overlapping computation and communication:
Model

LayerA LayerB LayerC Layer j

GPU 1 F1,1 F1,2 F1,3 F1,4 F1,5 F1,6 Update B
GPU 2 F1,1 F1,2 F1,3 F1,4 F1,5 F1,6 Update 6
GPU 3 F1,1 F12 F1,3 F1,4 F1,5 F1,6 Update 8
@ GPU 4 F1,1 F1,2 F1,3 F1,4 F1,5 F1,6 Update &
1 1 Iirze
1 T ™
Full
Stant model forward Batch 1

2 GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism
B /= min \GPU training 00
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Pipeline model parallelism (PipeDream) *°

PipeDream uses asynchronous pipeline parallelism, balancing forward and backward passes across the pipeline stages
to maximize utilization and reduce idle time:

Model
Layer A LayerB LayerC Layer T

GPU 1 F1,1 F12 F1,3 F1,4
GPU 2 F1,1 F1,2 F1,3

GPU 3 F1,1 F1,.2

Update 8a

Update 88

Update 6c
GPU 4 F1,1 Update 6p
1 I i’iTe
1 T ™
Full
Start model forward Batch 1

30PipeDream: Generalized Pipeline Parallelism for DNN Training
B /= min \GPU training
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ZeRO 3!

Memory lPK=12
=7.5B
gPuy gpy; 8PUN4 Consumed | _o4
Baseline Q+2+K)«¥ | 120GB
K*xW¥
1.4GB
Pos 2W + 29 + N, 31.4G
2+ K)x¥
Pos+g 2¥ + T 16.6GB
2+ 2+ K)x¥ 1.9GB
I:’os+g+p N, ’
Parameters Gradients Optimizer States
31ZeRO: Memory Optimizations Toward Training Trillion Parameter Models
® 0

B /= min \GPU training
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LoRA 32

Pretrained
Weights

/= Rdxd

X |

B/~ M \GPU training

LoRA reduces the number of parameters by approximating
weight matrices with low-rank factorization:

Wi = W + AW

where AW = ABT, with A and B being low-rank
matrices. This reduces computational and memory
overhead while maintaining model performance.
® A is initialized as usual, while B is initialized with
zeroes in order to start from identity mapping
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LoRA 32

Pretrained
Weights

/= ]Rdxd

X |

B/~ M \GPU training

LoRA reduces the number of parameters by approximating

weight matrices with low-rank factorization:
Woew =W + AW

where AW = ABT, with A and B being low-rank
matrices. This reduces computational and memory
overhead while maintaining model performance.
® A is initialized as usual, while B is initialized with
zeroes in order to start from identity mapping
® 1 is typically selected between 2 and 64
® Usually applied to attention modules
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LoRA reduces the number of parameters by approximating
weight matrices with low-rank factorization:

Wi = W + AW

where AW = ABT, with A and B being low-rank
3 matrices. This reduces computational and memory
Pretralned overhead while maintaining model performance.
WEIghtS ® Ais |n|.t|a||zed as usual, Whl|e. B |s_ |n|t|a||z§d with
zeroes in order to start from identity mapping
® 1 is typically selected between 2 and 64

W = [Rd)(d ® Usually applied to attention modules

X | |

32LoRA: Low-Rank Adaptation of Large Language Models

B/~ M \GPU training %00
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LoRA reduces the number of parameters by approximating
weight matrices with low-rank factorization:

Wi = W + AW

where AW = ABT, with A and B being low-rank

3 matrices. This reduces computational and memory
Pretralned overhead while maintaining model performance.
WEIghtS ® Ais ini.tialized as usual, whilc? B is_ initializgd with

zeroes in order to start from identity mapping

® 1 is typically selected between 2 and 64
W = [Rd)(d ® Usually applied to attention modules
h=W,,~=Wz+ AWz =Wz + ABTz

new

X | |

B /= min \GPU training

32LoRA: Low-Rank Adaptation of Large Language Models
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33Quantization of Large Language Models with an Overdetermined Basis
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