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MoTtpebnenne namstn npu obyyenun GPT-2 !
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® Pasmep mogenn 1.5 B. Beca mogenu B fpl6 3anumatot scero 3 GB, ogHako, ans HaueHoro obyyeHus He xBaTuT
GPU paxe Ha 32 GB
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MoTtpebnenne 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 B fpl6 3anumatot scero 3 GB, ogHako, ans HaueHoro obyyeHus He xBaTuT
GPU paxe Ha 32 GB
® [Ins ucnonb3osanus Adam B pexume mixed precision Heobxoanmo xpavuts 3 (1) konun mogenu B fp32.
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MoTtpebnenne namstn npu obyyenun GPT-2 !

Fragmentation Temporary Buffers .
Overhead (Variable) (fp32) Gradients (fp16) Parameters (fp16)
e e T T
3GB 6 GB 8 GB 6 GB 6 GB 6 GB 3GB 3GB

N

Activations (with ~ Optimizer States (fp32  Optimizer States (fp32 Optimizer States (fp32
checkpointing) Variance) Momentum) Parameters)

® Pasmep mogenn 1.5 B. Beca mogenu B fpl6 3anumatot scero 3 GB, ogHako, ans HaueHoro obyyeHus He xBaTuT
GPU paxe Ha 32 GB

® [ins ucnosnb3oBanus Adam B pexxume mixed precision Heobxognmo xpavute 3 (1) konum mogenn B fp32.

®| AKTnBaLMK B HANBHOM PEXWUME MOMYT 3aHUMaTb ropasfo bonbliue NnamsaTu: A ANMHBL nocaegosaTensHocTn 1K

n pasmepa 6aTtuya 32 HyxxHo 60 GB hist xpaHeHust Bcex NPOMEXYTOYHbIX akTUBaLUuii. YeknonHTUHI akTuBauuii

No3BONISIET COKpaTuTL noTpebnerne fo 8 GB 3a cuér nx nepesbidncnequs (33% computational overhead)

1ZeRO: Memory Optimizations Toward Training Trillion Parameter Models
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Large batch training 2
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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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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,,,,

o ST
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,,,,

o 5T e
Batch Sizey..

new — base *

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
SLearning 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 SW
from a small value to the target value over a few epochs. This is defined as: |

max Tw 1 3_&
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

increasing the learning rate
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Puc. 1: no warmup Puc. 2: constant warmup Puc. 3: gradual warmup

7A<_:curate, Large Minibatch SGD: Training ImageNet in 1 Hour
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Cooldown?®
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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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Pab6orator nu 1p

I0OKWN, €eCNn yBeIn4nTb pasmep mogenun?
Scaling up the NanoGPT (124M) speedrun
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Pabortatot nn Tproku, ecnn ysenmuntb pasmep mogenun?

Comparing 1.5B models
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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?
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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 Iayeﬁ%g.

— min
‘f z.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEee, YeM KaXkeTcs P00 O
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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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Bausinne nunumanusaunm Becos HelipOHHOM CETU Ha CXOAUMOCTb MeToaoB 'l
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Puc. 7: 22-layer ReLU net: good init converges faster

" Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classificatio
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Puc. 8: 30-layer ReLU net: good init is able to converge

, Kaiming He Xiangyu Zhang, Shaoging Ren, Jian
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METO‘D,bI yMEHbLLIEHVlﬂ Ancnepcnn: no4emMmy He pa60Ta|0T Ha I'J'ly6OK|/|X cetax? 12
® SVRG / SAG patot ybeanTesibHble BINMPbILLN B BbIMYKIbIX

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

f,“nuultnulll

SVR Variance / SGD Variance,

Epoch Epoch

Puc. 9: DenseNet Puc. 10: Small ResNet

50
Epoch Epoch

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

— min
‘f z.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEee, YeM KaXkeTcs
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MeToabl yMeHbleHUs Aucnepcumn: novemy He pabotaroT Ha rnybokux cersix? 12

® SVRG / SAG patoT ybeanTesibHble BbIMMPLIWN B BbIMYKJIbIX
3agayax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatot obbiuHbIli SGD.

® |IsmepeHHOe OTHOLIEHNE
«pauncnepens SGD / ancnepensi SVRG» octaéres < 2 gasi

50 100 151 50 100 150 200

woar e GONbLINHCTBA CI0EB - TO €CTb PeasibHOe CHUXKEHUE LLyMa
Puc. 9: DenseNet Puc. 10: Small ResNet MUHUMAJIBEHO.
2 50 SR
TS L R R R e
. . *q
o w1 s e me
Puc. 11: LeNet-5 Puc. 12: ResNet-110
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MeToabl ymeHblUEHUS gucnepcun: nouemy He paboTatoT Ha rnybokux cerax? 12

® SVRG / SAG patoT ybeanTesibHble BbIMMPLIWN B BbIMYKJIbIX
3agayax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatot obbiuHbIli SGD.

® lI3mepeHHOe OTHOLWEHNE

‘ ‘ ‘ ‘ ‘ «pucnepcust SGD / pucnepcns SVRG» ocraéres < 2 gns

e T BONBLIMHCTBA CNOEB - TO €CTb PEaAsSIbHOE CHUKEHUE LYMa

Puc. 9: DenseNet Puc. 10: Small ResNet MUHUMAIBHO.
® Bo3MOXHbIE NPUYNHBI:

2n,"...ulqllll r:;l_!

0 L 210 . . .
0 50 100 150 200 0 50 100 150 200
Epoch Epoch

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

— min
T,z ITa 33243 ONTUMN3ALUNKN AAXKE CNOXKHEE, YEM KAXKETCA
S min g ®00 1
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MeTogbl ymeHbluEeHUS gucnepcun: nouemy He paboTtatoT Ha rnybokux cerax? 2
s ] ® SVRG / SAG gatoT ybeauTenbHble BoIMMPLILLNA B BbIMYKIbIX

Beedt
ullla-l--. . fj‘l.ln"!lllll:l

3agayax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet

7SGD Variance

.
L %
2 E 3 (ResNet-18) He onepexatot obbiuHbIli SGD.
: i .* <1 ® lI3MepeHHOe OTHOLLEHNE
3ol ‘ ‘ %i ‘ ‘ Bk «pucnepcust SGD / pucnepcns SVRG» ocraéres < 2 gns
B T e - T e BOJIbLINHCTBA C/IOEB - TO €CTb PeasibHOE CHUKEHME LyMa
Puc. 9: DenseNet Puc. 10: Small ResNet MUHUMAIBHO.

® B0o3MOXHblE NPUYMHBbI:
® AyrmeHTauus AaHHbIX 4eNaeT ONOPHbIA FPAANEHT Gt

N Lygsansarsnene r=1’-'—3 yCTapeBLnM yxe nocne napbl minibatch-ei.
] IS ' 8
o . *ee®
L . . . o
2—\07 L L L -10 L L L o]
P ) b w0 e am
Epoch Epoch
Puc. 11: LeNet-5 Puc. 12: ResNet-110

— min
T,z ITa 33243 ONTUMN3ALUNKN AAXKE CNOXKHEE, YEM KAXKETCA
S min g ®00 1
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MeToabl yMeHblUeHUS aucnepcun: nodemy He pabotaroT Ha rnybokux cersax? 12
] ® SVRG / SAG gatoT ybeauTenbHble BoIMMPLILLNA B BbIMYKIbIX

3agayax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatot obbiuHbIli SGD.

® llamepeHHoe OTHOLLEHNE
«pucnepcust SGD / pucnepcns SVRG» ocraéres < 2 gns
GOJIbLIMHCTBA CJIOEB - TO €CTb PeasnbHOEe CHUKEHNE LyMa

SVR Variance / SGD Variance,

SVR Variance / SGD Variance
T T T

.
ISR

100 150 200 50 100 150 200
Epoch Epoch

Puc. 9: DenseNet Puc. 10: Small ResNet MUHUMAIBHO.
® Bo3MOXHbIE NPUYNHBI:

® AyrmeHTaums JaHHbIX JENaeT OMOPHbIA FPAfNEHT et
yCTapeBLnM yxe nocne napbl minibatch-ei.

® BatchNorm v Dropout fo6aBasitoT BHYTpeHHIO0

ceet ] CTOXaCTUHHOCTb, KOTOPYHO HEBO3MOXHO KOMMEHCUMPOBATH

NPOLWABLIM Gef-

lggeguseionange lBli"j

SVR Variance / SGD Variance

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

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

— min
T,z ITa 33243 ONTUMN3ALUNKN AAXKE CNOXKHEE, YEM KAXKETCA
S min g ®00 1
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MeTopabi ymeHbLueHml 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
z.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEee, YeM KaXkeTcs

noyemy He paboTatoT Ha rnybokux cetsix? 12

® SVRG / SAG patoT ybeanTesibHble BbIMMPLIWN B BbIMYKJIbIX
3agayax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatot obbiuHbIli SGD.
® lI3mepeHHOe OTHOLWEHNE
«pucnepcust SGD / pucnepcns SVRG» ocraéres < 2 gns
BOJIbLINHCTBA C/IOEB - TO €CTb PeasibHOE CHUKEHME LyMa
MUHUMANBHO.
® Bo3MOXHbIEe NPUYNHBI:
® AyrmeHTauus AaHHbIX 4eNaeT ONOPHbIA FPAANEHT Gt
ycTapeBwunm yxxe nocie napsl minibatch-eii.
® BatchNorm v Dropout fo6aBasitoT BHYTpeHHIO0
CTOXaCTNHHOCTb, KOTOPYHO HEBO3MOXXHO KOMMEHCNPOBATb
npowsibiM gref'
® [lonoaHnTeNbHbI NOMHbIA Npoxog no aatacety (Ans
nO,D,C"léTa gref) CbeAaeT NOTEHUNANIbHYHO SKOHOMUIO I/ITepaLl'I/Iﬁ.
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MeTopabi ymeHbu.leHml 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

— min
‘f z.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEee, YeM KaXkeTcs

noyemy He paboTatoT Ha rnybokux cetsix? 12

® SVRG / SAG patoT ybeanTesibHble BbIMMPLIWN B BbIMYKJIbIX
3agayax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatot obbiuHbIli SGD.

® |IsmepeHHOe OTHOLIEHNE
«pucnepcust SGD / pucnepcns SVRG» ocraéres < 2 ans
BONBLINHCTBA CNOEB - TO CTb PEasIbHOE CHUXKEHUE LIyMa
MUHUMANBHO.

® Bo3MOXHbIE MPUYUHBI:
® AyrmeHTauus AaHHbIX 4eNaeT ONOPHbIA FPAANEHT Gt
ycTapeBwunm yxxe nocie napsl minibatch-eii.
® BatchNorm v Dropout fo6aBasitoT BHYTpeHHIO0
CTOXaCTNHHOCTb, KOTOPYHO HEBO3MOXXHO KOMMEHCNPOBATb
MPOLLNBIM Gyef-
® [lonoaHnTeNbHbI NOMHbIA Npoxog no aatacety (Ans
NOACHETA Gyef) CHEAAET MOTEHLNASILHYIO SKOHOMUIO UTEPALi.
® «Crpumutrosbiey» moandukaunu SVRG, paccuutatHbie
Ha ayrMeHTaLMIO, CHUXKAIOT TEOPETUYECKOE CMELLEHNE, HO

Takxe npourpsieatoT SGD no BpemeHn n KavecTsy.
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MeTopabi ymeHbLueHml aucnepcuu:

2 88
B

SVR Variance / SGD Variance

GeseBoei
geas®
[ELERER)

50 100 150 0 50 100 150 200
Epoch Epoch

Puc. 9: DenseNet Puc. 10: Small ResNet

SVR Variance / SGD Variance

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

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

noyemy He paboTatoT Ha rnybokux cetsix? 12
® SVRG / SAG patoT ybeanTesibHble BbIMMPLIWN B BbIMYKJIbIX

3agayax, Ho Ha CIFAR-10 (LeNet-5) u ImageNet
(ResNet-18) He onepexatot obbiuHbIli SGD.

V13smepeHHoe oTHOLLEHNE

«pucnepcust SGD / pucnepcns SVRG» ocraéres < 2 ans
GOJIbLIMHCTBA CJIOEB - TO €CTb PeasnbHOEe CHUKEHNE LyMa
MUHNMabHO.

BosmoxkHble npuymnHebl:

® AyrmeHTaums JaHHbIX JENaeT OMOPHbIA FPAfNEHT et
ycTapeBwunm yxxe nocie napsl minibatch-eii.

® BatchNorm v Dropout fo6aBasitoT BHYTpeHHIO0
CTOXaCTUHHOCTb, KOTOPYIO HEBO3MOXHO KOMMEHCUPOBaTh
NPOLWABLIM Gef-

® [lonoaHnTeNbHbI NOMHbIA Npoxog no aatacety (Ans
NOACHETA Gyef) CHEAAET MOTEHLNASILHYIO SKOHOMUIO UTEPALi.

«Crpumunroebie» mogudmkaunm SVRG, paccuutanHbie

Ha ayrMeHTauuio, CHUXKAIOT TEOPETNHECKOE CMELLEHNE, HO
Takxe npourpsieatoT SGD no BpemeHn n KavecTsy.
BbiBoA: CyLLeCTBYOLME METOALI YMEHbLUEHNS AUCAEPCIn
HeMnpaKTUYHbI 4N COBPEMEHHbIX rNybokux ceTeli; OyayLune
peLIeHmns AOMKHbLI YYUTHIBATh CTOXaCTUYHOCTb apXUTEKTYPbI
n gavHbix (ayrmenTaums, BatchNorm, Dropout).

; , , — :
K 7 2@n the Ineffectiveness of Variance Reduced QOptimization for Deep Learning 900 1
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Adam pabortaet xyxe gna CV, yem

10° 10’

]
1078 * e 107
N

Training loss

10 +——T—T—110°+
0 Epoch 100 O

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

Yepble nunun - SGD; kpacHble nnun - Adam.

ana LLM? 13

8
6 10'
4

10°
2

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

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

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

‘f — min
Tz

ITa 33343 ONTUMN3ALNN A3XKe CIOXKHEE, YeM KaXkeTcs

20
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Mouemy Adam pabotaet xyxe ans CV, yem ana LLM2ZH

nOTOMy HYTO WYM IFPpaANEHTOB B A3bIKOBbIX MOAENAX NMEET TAXKEJble XBOCTbI?

MNIST CIFAR-10 PTB WikiText-2 SQuAD
200 o 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

W

% inear attention is (maybe) all you need (to understand transformer optimization)

— min
‘f z.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEee, YeM KaXkeTcs
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Mouemy Adam pabotaet xyxe ans CV, yem ana LLM? 15

Het! MeTku nmetot taxkenble xBocTbi!

B komnbloTepHOM 3peHnmn gaTaceTbl HacTo
cbanancuposanbl: 1000 koTukos, 1000 neceneii n T.4. # Sam pleS/C|3.SS
B s3bikoBbIX faTaceTax no4Tm BCerga He Tak: cioBo the
BCTPEYaeTCst 4acTo, C/IOBO tie Ha NOpAAKU pexke

—

o
S
1

# samples
o
N
1

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

Puc. 15: Pacnpegenerue vactoTsl TokeHos 8 PTB

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

— min
T,z ITa 33243 ONTUMN3ALUNKN AAXKE CNOXKHEE, YEM KAXKETCA
S min g ®0 0 »
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Mouemy Adam pabotaet xyxe ans CV, yem ana 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 0-1 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 HW3KO4aCTOTHbLIX Kflaccax, B To BpeMsi kak Adam pobusaetcs. Obydyenne GPT-2 S
Ha WikiText-103. (a) Pacnpegenerue knaccos, oTCOPTUPOBaHHbBIX MO HaCTOTE BCTPEHAEMOCTM, PasbUTLIX Ha rpymnnbl,
cootsetcTBytowme ~ 10 % ganubix. (b) 3Hauenune dyHkunu noteps npu obyueruu. (c, d) 3HauveHne dyHkLMM noTepb
npu obydeHnmn ans kaxgoli rpynnsl npu ucnonbsosaHum SGD n Adam.

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

ITa 33343 ONTUMN3ALNN A3XKe CIOXKHEE, YeM KaXkeTcs
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Busyanusauus c nomouwbio Npoekuun Ha nNpsimyto

® O6o3Ha4MM HauvasibHYIO TOUKY KaK W, NPeACTaBAsIOLWY0 coboli Beca HelipoHHOl CeTn Npn MHNLMANU3aLnuu.
Beca, nonyyenHble nocne obyderns, 0603HaYUM Kak 0.

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

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

® 0b6o3sHauum Ha4a/lbHYIO TOYKY KaK W, NPEACTABAAIOWYIO coboii Beca HeVIpOHHOﬁ CeETN Npn MHNUMNann3aunn.

Beca, nonyuyentble nocne obyyeHuns, 0603HauMM Kak w.

® [eHepypyem cnyyaliHblli BEKTOP Takoli >xe pa3smMepHOCTM 1 HopMmbl w; € RP, 3aTem BbIUYNCAEM 3HaYeHMe
hbyHKUMM NOTEPL BAOJL 3TOr0 BEKTOpPa:

L(a) = L(wy + awl) where a € [—b, b].

w\(Q —

— min
‘f z.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEee, YeM KaXkeTcs P00 O
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Mpoekunsa dyHKLUN NOTEPL HEVIPOHHOW CETU HA NPAMYIO

No Dropout
Loss surface. Line projection around the starting point Loss surface. Line projection around the final point
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P00 O 25

— min
‘f z.z  OTa 3a4aya ONTUMU3ALUN JaXKe CNOXKHEee, YeM KaXkeTcs
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Mpoekunsa dyHKLUN 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 pyHKLUUN NOTEPL HEPOHHOW CETU HA NJIOCKOCTb
® Mbl MOXeM paclpuTb 3Ty UAEIO U NOCTPOUTL MPOEKLMIO MOBEPXHOCTU NOTEPb HA MJIOCKOCTb, KOTOpPas 3a4aeTcs

2 Cﬂy‘-laﬁHblMl/l BEKTOPamMu.

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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f — min
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Mpoekunsa pyHKLUUN NOTEPL HEPOHHOW CETU HA NJIOCKOCTb
® Mbl MOXeM paclpuTb 3Ty UAEIO U NOCTPOUTL MPOEKLMIO MOBEPXHOCTU NOTEPb HA MJIOCKOCTb, KOTOpPas 3a4aeTcs

2 CﬂyHaﬁHblMl/l BEKTOPamMu.

® [lga cnydaiiHbIX raycCoBbIX BEKTOPa B MPOCTPAHCTBE BOSIbLUION Pa3MEPHOCTU C BbICOKOI BEPOSITHOCTLIO

OPTOroHanbHbI.

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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f — min
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MoxeT nu 6bITb NONE3HO U3yyeHune Takux npoekumii? 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 l'IpOEKLI,MVI, ecnan CeprBHO? 18

3
m ->256 ->256
-4
-1
15 26
»na »04

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
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I 9 P

- 0.4

18] oss Landscape Sightseeing with Multi-Point Optimization, Ivan Skorokhodov, Mikhail Burtsev
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LL'I/IpI/IHa JTIOKAJIbHbIX MUHNMYMOB
Y3kune n LnpoKne noKaJibHblie MNHNMYMbI

0.5 -
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0.3 1

Loss

0.2 1

0.1 1

=5 0 5 10 15 20

— min
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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
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Exponential learning rate

® Exponential Learning Rate Schedules for Deep Learning
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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) o 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,,,,

« = e
Batch Sizey,,

new — (base *

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

‘f - fn.}‘; Large batch training P00 O 41
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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

0.1, 23.60%%0.12
3.2, 23.74%%0.09

.1, 23.60%%£0.12
.2, 24.84%%£0.37

n
90 kn= 8k, 7

| ‘ kn=256,

80

70 1

60

50

training error %

40+

30

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

20

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()

‘f - 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 == O:

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/~ Ml \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

B/~ Ml \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

B/~ Ml \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

B/~ Ml \GPU training


https://fmin.xyz
https://mipt24.fmin.xyz
https://github.com/MerkulovDaniil/mipt24
https://t.me/fminxyz

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
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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:

Parameter server

Model 6

Optimizer state sy
Data X1, X5,...,Xp

B/~ Ml \GPU training

X1, 0k

Xi, 0k

Xp, 0k

GPU1

Forward pass L(0, X1)
Backward pass VoL(0k, X1)

GPUi

Forward pass L(0, X;)
Backward pass VyL(0, X;)

GPUD

Forward pass L(6k, Xp)

Backward pass VoL(6x, Xp)

VoL(6r, X1)

Parameter server

Model 9k+1

Optimizer state $y1
Data X1, X5,...,Xp

VoL(0k, Xp)
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Distributed Data Parallel training

Distributed Data Parallel (DDP) 2 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
B/~ Ml \GPU training @00
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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 r
6s) GPU 2
6c) GPU 3
6,) GPU 4

Model

LayerA LayerB LayerC LayerD

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

‘f — min
Tz

MultiGPU 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 6
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 8o
@ GPU 4 F1,1 F1,2 F1,3 F1,4 F1,5 F1,6 Update &
1 1 Iirze
1 | ™
Full
Start model forward Batch 1

2 GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism
B/~ Ml \GPU training @00 s
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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

LayerA LayerB LayerC LayerD

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 6o
ime
l ] .
1 T ™
Full
Start model forward Batch 1

30PipeDream: Generalized Pipeline Parallelism for DNN Training
B/~ Ml \GPU training
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31ZeRO: Memory Optimizations Toward Training Trillion Parameter Models
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LoRA 32

Pretrained
Weights

/= Rdxd

X |

B/~ Ml \GPU training

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

W = W + AW

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

51
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LoRA 32

Pretrained
Weights

/= Rdxd

X |

B/~ Ml \GPU training

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