», Clo)XeTbl, BO3HUKaloLmue
npmu oby4yeHumn 60NbLUUX
HenpoceTeBbiX Mo eNeun.
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RuntimeError: cuda runtime error (2) : out of memory at /data/users/soumith/miniconda2/cond

how can i solve this error?

apaszke commented on Mar 8, 2017 Member + (%)

You're running out of memory on the GPU. It's not a bug.
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NOCTATOYHOW MaMATU
GPU, yBenunyerve
pasmepa barya
NO3BONSAET
YTUIN3MNPOBATb PECYPCHI
napannienbHbIX
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Accurate, Large Minibatch SGD: Training

ImageNet in 1 Hour.
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[MpocTo TaK yBeIMUYUTb pa3mMep 6aTtya He Nosiy4ymTcS.

O6y4erre ResNet-50 Ha

kn N top-1 error (%) natacete ImageNet ¢
256 0.05 23.92 £0.10 Da3HbIMI BapUaHTAMY
256 0.10 23.60 £+0.12 yBENNYeHUst pasmMepa
256 0.20 23.68 +0.09 GaTya.

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 - /32 26.22 4-0.03

(a) Comparison of learning rate scaling rules. A reference learning rate
of n = 0.1 works best for kn = 256 (23.68% error). The linear scal-
ing rule suggests n = 0.1 - 32 when kn = 8k, which again gives best
performance (23.74% error). Other ways of scaling n give worse results.

Paper
Accurate, Large Minibatch SGD: Training

ImageNet in 1 Hour.
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[MpocTo TaK yBeIMUYUTb pa3mMep 6aTtya He Nosiy4ymTcS.

kn n top-1 error (%)
256 0.05 23.92 40.10
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 - /32 26.22 +0.03

(a) Comparison of learning rate scaling rules. A reference learning rate
of n = 0.1 works best for kn = 256 (23.68% error). The linear scal-
ing rule suggests n = 0.1 - 32 when kn = 8k, which again gives best
performance (23.74% error). Other ways of scaling n give worse results.

Accurate, Large Minibatch SGD: Training

[ Paper

ImageNet in 1 Hour.

O6y4erre ResNet-50 Ha
natacete ImageNet ¢
Pa3HbIMU BapuaHTamMm
YBENMMYEHNA pa3mepa
barya.
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[MpocTo TaK yBeIMUYUTb pa3mMep 6aTtya He Nosiy4ymTcS.

I
o

[pu HaNMYMK OOCTAaTOHYHOM
namatn GPU, yBennyeHne
pa3mMepa bartya Nnos3BONAET
YTUN3MPOBAaTb PECYPCHI
napasinesibHbIX BbIYUCIEHUIA,
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Accurate, Large Minibatch SGD: Training

ImageNet in 1 Hour.
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[MpocTo TaK yBeIMUYUTb pa3mMep 6aTtya He Nosiy4ymTcS.

I
o

[pu HaNMYMK OOCTAaTOHYHOM
namatn GPU, yBennyeHne
pa3mMepa bartya Nnos3BONAET
YTUN3MPOBAaTb PECYPCHI

S

)

-

'% 35 1 yac Ha 32x8 (: 256) GPU napannenbHbIX BbIYUCTEHNI.
% NVIDIA Tesla P100 =

2307

Q

e,
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64 128 256 512 1k 2k 4K 8k 16k 32k 64k
mini-batch size

Paper
Accurate, Large Minibatch SGD: Training o o2220. YHueepcuer
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Kak yBenmymBaTb pa3mMep 6atya?

1. Linear scaling rule.

VaN
[pn yBennyeHnn pasmMepa 6arya B k pas, learning rate
YBEINHBATL TOXE B K paa: A\

2. Gradual warmup.

Ha nepBsbix anoxax (Utepauusx) learning rate =
yBENMYMBATL NMOCTEMNEHHO OT Ha4YallbHOro [0
Lienesoro.

3. Square root scaling rule

Paper Paper

Accurate, Large Minibatch SGD: Training Learning Rates as a Function of Batch Size: A Random O\ 2225« YHMBEpCHUTET
ImageNet in 1 Hour. Matrix Theory Approach to Neural Network Training. Q) ,\I ? I 4 Cupuyc




Kak eLllé yBenmymBaTb pasmMep 6atya?

LARS (Layer-wise Adaptive Rate Scaling):

Linear scaling rule + onis Kaxkgoro ¢ros ¢sou learning rate, KOTopbIV
LLIK&IIMPYETCHA HA HOPMY BECOB 3TOMO Cr104.

[ Paper ]
Large batch training of convolutional ,\ I ? I 3225, YHUBEpPCHUTET
7 EE Cupuyc

networks.




Kak eLlé yBenmymBaTb pa3mMep 6atdya? LARS.

ImageNet by ResNet50 without Data Augmentation

0.8
— Batch=16k, LARS : :
0.7 — Batch=16k, no LARS| ... . . el it o—
— Batch=256 ; :

(¢ 71 WRARNOETVIRU. OURNUNRIRIII. S0 S W0 . SO CRPRITRII s SEa——
>
O
ST S W . M. SO . | ¢ AN, S—
O
5§
Pl 17 0 TR S L4 (O NUSPORSeeme o 4 SN 1 LT NUNPIORY SERSRESPRRRISSEROEL SR ea s
n
2
e O f I A (NN . ) o | R . S S .
o
2

(o Jip) 1 O || UERRUNS 1V} 1 | SHSORNIIRIS| SN SEECRTROIORS (SRR TR B eI

(6.5 71 Y OUUUNE 11 | AN (S SO - SOUUUOU UUUOURUDL. . CUNOUNUUNUU.  OPUURSURL

0.0 ! I | !

0 20 40 60 80 100
Epochs

Paper
Large batch training of convolutional .;:'::.. YHuBepcutet
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Kak eLlé yBenmymBaTb pa3mMep 6atdya? LARS.

0.8 ImageNet by ResNet50 without Data Augmentation
0.7 Lossossumuressenpnsesemlmessas v oriaun sosamsn s diesss sn sy sssams s insss i admenentWS 0L oo Lo s s 5
0.6 L - DM N A LHON i
>
©
|5 0 T e Y L b L U e L T Y T S e .
O
<
ad DAL o P BREEARIRN. . oo ccncsnnnedunsan s sasssnomannsanmsamanashesstnnnnansn s atmnssansnes s sabone snssnssssmnnnan smsmmmen s a
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@
P OB Lcoleoad Bl R s sasmasas sssmesss sl s s s B e 0 SRR MG 5 a
@ 1
}_C_) : ; 5 :
0.2 - »»»»»»»»»»»»»»»»»»»»»»»»»»»»»» »»»»»»»» — Batch=32k, LR=2.9, warmup, LARS [
| — Batch=16k, LR=2.5, warmup, LARS
0.1L: .............................. AAAAAAAA g— Batch=8k, LR=64, Warmup il
f f Batch=256, LR=0.2
00 | I ] 1
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Epochs

Large batch training of convolutional
networks.
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Kak eLllé yBenmymBaTb pasmMep 6atya?

LAMB = LARS + Adam "%

Algorithm 2 LAMB

Input: z; € R?, learning rate {n;};—,, parameters
0 < B1, B2 < 1, scaling function ¢, € > 0

Set mog=0,v9 =0

Algorithm 1 LARS fort =1toT do

Draw b samples S; from P.

Compute g: = ﬁ > s,es, VAT, St).

Input: z; € R?, learning rate {nt}?=1, parameter
0 < B1 < 1, scaling function ¢, € > 0

Set mo = 0 me = Bimi—1 + (1 — ,31)29t
fort =1to T do ve = Pavi—1 + (1 — B2)g;
Draw b samples St from P my = m:/(1— B1)
Compute g: = |s Dsies, Ve, st) vy = vt /(1 — B3)
my = Bimy—1 + (1 — ,31)(gt + Axy) Compute ratio s = 2=
(1) . :
7 ¢ 7 ) o(||z 7 ')
T =0 m%—t—#’- m{" forall i € [h] o = o) —mr e () + )
t t t
end for end for

Paper
Large batch optimization for Deep

Learning: training BERT in 76 minutes.
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Kak eLlé yBenmymBaTb pa3mMep 6atya? LAMB.

Solver  batch size steps F1 score on devset 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

Paper
Large batch optimization for Deep
Learning: training BERT in 76 minutes.
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Kak eLlé yBenmymBaTb pa3mMep 6atya? LAMB.

Solver  batch size steps F1 score on devset 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
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Paper
Large batch optimization for Deep
Learning: training BERT in 76 minutes.
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Gradient accumulation

M Bblﬂo accum_iter = 4 M CTAJ_lO

for (inputs, labels) in data_loader: for batch_idx, (inputs, labels) in enumerate(data_loader):

inputs inputs.to(device) inputs inputs.to(device)
labels = labels.to(device) labels = labels.to(device)

with torch.set_grad_enabled(True): with torch.set_grad_enabled(True):

preds model(inputs)

preds model(inputs)
loss criterion(preds, labels)

loss criterion(preds, labels)

loss.backward() loss = loss / accum_iter

optimizer.step() loss.backward()

optimizer.zero_grad()

if ((batch_idx + 1) % accum_iter == 0) or (batch_idx + 1 == len(data_loader)):
optimizer.step()
optimizer.zero_grad()

YHuBepcurtet

S Cupuyc
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s Fp
#§ Ccbinku. Gradient checkpointing. D U D“* j“‘

CHetK oy wt <o ot C
[ Kpoint vy g‘ Sz %w . oL

’
- . oW,
Batch Size | Memory o T4 o V100 koPOBkhk
) Site S'EB
Training larger-than-memory PyTorch x 64 9 4 2 G B 4 7 m 3 @ 5 1 8 m 5 1 S
models using gradient checkpointing. °
v 64 3.71 GB 1h Om 34s 23m 48s
e Site training_args = TrainingArguments( T
[Hugging Face. Efficient training on a single ] per_device_train_batch_size=1, gradient_accumulation_steps=4, gradient_checkpointing=Tzxue,
GPU
)
GPT3small_Puskin without checkpointing (batch = 8,sec_len GPT3small_Puskin with checkpointing (batch = 8,sec_len =512) -
=512) Aa index # used_mem 3 delta_mem + delta_time T sees
Aa index + used_mem + delta_mem 1 delta_time + begin 4828 0 0
begin 5804 0 0 forward 6398 1570 0.45
forward 13006 7202 0.04 backward 7968 3140 1.14
backward 14576 8772 1.2 optim_step 7968 3140 0.05
optim_step 14576 8772 0.02 end 4828 0 0.01
o 6840 36 013 total 15109.75 0 1.655
total 15109.75 0 1.396

.2:‘:3. YHuBepcutet
(@) NI~ g
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g@ Ccbinkun. Activation quantization.

Task Batch Size GELU Linear Layer Peak Memory, GiB  Saving, %
[ ~ E¥Repository ] 1 MRPC 128 Vanilla  Vanilla 11.30 0.0
FewBit - Compression schema for gradient
of activations in backward pass . .
2 MRPC 128 3-bit Vanilla 9.75 13.8
3 MRPC 128 Vanilla Randomized 9.20 18.6
4 MRPC 128 3-bit Randomized 7.60 32.7
——— tanh'(x) —— GELU'(x) SELU'(x)
-6 —l4 —'2 cl) é :1 -6 —4 - 0 2 4 6 —6 —4 -2 0 2 4
X X X

Figure 1. Optimized 3-bit piecewise-constant approximations of the derivatives of activation functions.
ONEIRE




g@ Ccbinkun. Automatic Mixed Precision training.

Fine-tuning 32-bit model for 215 iterations. Fine-tuning 16-bit model for 215 iterations.
[Automatc %e?lfrgc)i(s)iosrﬁgtgals using ] Time: 01 32 Time: 01 01
pytorch Peak GPU memory consumption: 8325 MB Peak GPU memory consumption: 6691 MB
Loss: 2.7370730377906978 Loss: 2.737271473019622

Grodin t descant  without gradiens
LwMW\abo Cecarn

[ 3 Site B j e B:Baseline (FP32)
PyTorch: CUDA Automatic Mixed Precision
training examples e AMP : Automatic Mixed Precision Training (AMP)
Algorithm Test Accuracy GPU Memory  Total Training Time
B - 1080 Ti 94.13 10737MB 64.9m
B - 2080 Ti 94.17 10855MB 54.3m
AMP - 1080 Ti 94.07 6615MB 64.7m
AMP - 2080 Ti 94.23 7799MB 37.3m
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