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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.

@ 16 & 3




Pa3mep 6aTt4ya v BpemA 3rnoxu

03 | ! I |

O

N

o0
|

—
N
~
'\\I

time per iteration (secs)
-
N
o)

O

A,

N
I

0.2 I I I | I |
256 512 1K 2K 4K 8k 11Kk

mini-batch size

[Ton Hann4m noctatoyvHou namat GPU, yBennueHme pasmepa batya No3BONSET YTUIN3NPOBATL PECYPCh

MapaJIJ1EJIbHbIX BbI4YNCIIEHNI.
"


https://arxiv.org/pdf/1706.02677.pdf

[TpoCTO TaK yBeNnn4uTb pasmep 6artya He BbINAeT

O6yueHue ResNet-50 Ha paTaceTe ImageNet ¢ pasHbIMY BapuaHTamMmu yBeJsiM4eHUA pa3mepa 6aTya.

kn N top-1 error (%)
256 0.05 23.92 4+0.10
256 0.10 23.60 =0.12
256 0.20 23.68 =0.09
8k 0.05 - 32 24.277 +20.08
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

(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
pertormance (23.74% error). Other ways of scaling 1 give worse results.
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[TpoCTO TaK yBeNnn4uTb pasmep 6artya He BbINAeT
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Kak yBennymBatb pa3mep 6atya?
Adaptive algorithms

1. Linear scaling rule.
ear s g SGD (Adam, RMSProp and etc.)

[ 1oy yBEIMHEHN pa3mepa ~
bat4ya B Kk pag, learning rate O = k e (X ‘\/% 04

VBENMYBATL TOXE B K pas:

train/learning_rate
= fp16

2. Gradual warmup.

Ha nepBbIX anoxax (MTepaumnsax)
learning rate yBennyvBaTthb
10CTENEHHO OT Ha4YaUTbHOIrO A0  «
1e11eBOrO.

3. Square root scaling rule

train/global_step


https://arxiv.org/pdf/1706.02677.pdf
https://arxiv.org/pdf/2006.09092.pdf

Kak eLle yBenuymBaTthb pa3mep 6atya?
LARS (Layer-wise Adaptive Rate Scaling):

Linear scaling rule + oig kaxkgoro ¢oga ¢Bown learning rate, KOTOPbIN LLUKaUIMPYETCH
Ha HOPMY BECOB 3TOIO CJ104.
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V L - rPpadnEeHT No |-omMy CJIoko
Wi


https://arxiv.org/pdf/1708.03888.pdf

Kak elle yBenunymBaTtb pa3mep 6atya?
LARS
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Kak eLle yBenuymBaTthb pa3mep 6atya?

LARS
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https://arxiv.org/pdf/1708.03888.pdf

Kak eLle yBenuymBaTthb pa3mep 6atya?
LAMB = LARS + Adam .-

Algorithm 2 LAMB

Input: z1 € R%, learning rate {n:};_,, parameters
0 < fB1,B2 < 1, scaling function ¢, € > 0
Set mg =0, vg =0

Algorithm 1 LARS fort = 1to T do
Draw b samples S; from P.

Compute g; = I—Sl—tT D s,es, VE(Tt, st).

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

Set mg = 0 me = Pimi—1 + (1 o 51)9::
fort =1to1 do vt = Bave—1 + (1 — B2)g;

Draw b samples S; from P m: = my /(1 — B1)

Compute g; = |51_t| 2 4 Vi 8 vy = vt /(1 - %)

me = Bimi—1 + (1 — B1) (gt + Az¢) Compute ratio ¢ = \/;’)ﬁt';e

. . (4) . . . (4) . .

x,ﬁfﬁl =zt —n, ¢|(||T|:§i)||)m§7’) for all 7 € [h] a:g_ﬁl =z —n ”r‘i(’f)”i;mg?> ” (rs” + Azg”)

end for end for

- 13


https://arxiv.org/pdf/1708.03888.pdf

Kak eLle yBenuymBaTthb pa3mep 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 91.263 206  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
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Kak eLle yBenuymBaTthb pa3mep 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 91.263 206  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

76 MUHYT Ha 1024 TPU &

15


https://arxiv.org/pdf/1708.03888.pdf

AKKYMYynAauuA rpagueHToB

accum_iter = 4 w CTAﬂO

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 mode l(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()




Gradient checkpointing
Upe~n

OBbI4HbIe Forward ' o

Backward npoxofp!.

OKOHOMHbI BAPUaHT
-orward 1 Backward

npoxoaoB. [1ns BblumMcneHus | ﬁ >
DAONEHTOB HY)KHbl 3HA4YeHsd | l

aKTVBaUMIA C NpeablayLLmX
LLIaroB. BMecTo 1x XpaHeHus,

OHW MEPECUNTLIBAIOTCH . <
3aHOBO. .
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https://github.com/cybertronai/gradient-checkpointing
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Gradient checkpointing
Upe~n
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Gradient checkpointing
Upe~n
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Gradient checkpointing
Upe~n

X > Wl >01 » O >61 > W2 >02 » O >02 > L >

dx1 ny xXd n X1 ny X 1 n, X 1y n, X 1 n, X 1 1 x1
1 , | |
L=—lloy =yl J, = diag (o(0))(1 = 0(0y))) = diag (6x(1 = o))
oL oL oL
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Gradient checkpointing
Upe~n

X > Wl >01 » O >61 > W2 >02 » O >02 > L

1 | .
L = 5”62 — ]| J, = diag (6(0,)(1 — 6(0,))) = diag (6,(1 — 5,))
oL oL .

=0, —Y oL = J :dlag (02(1 —02))(62—)7):02@(1 —62)6(02—)7)
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Gradient checkpointing
Upe~n
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Gradient checkpointing
Upe~n

X > Wl >01 » O >61 > W2 >02 » O >02 > L >

dx1 ny xXd n X1 ny X 1 n, X 1y n, X 1 n, X 1 1 x1
] , | |
L = 5”02 — |l J, = diag (6(0,)(1 — 6(0,))) = diag (65(1 — 5,))
= o y L% dia (6,(1 = 62))( ) O (1 -0, O ( )
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Gradient checkpointing
Upe~n
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Gradient checkpointing
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Gradient checkpointing
Upe~n
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https://github.com/cybertronai/gradient-checkpointing

Gradient checkpointing
[Tpumepbl

Batch Stize Memory O T4 < V100
X | 64 9.42 GB 47m 30s 18m 51s
v | 64 3.71 GB 1h Om 34s 23m 48s
training_args = TrainingArguments( (m

per_device_train_batch_size=1, gradient_accumulation_steps=4, gradient_checkpointing=Tzrue,

)
GPT3small_Puskin without checkpointing (batch = 8,sec_len GPT3small_Puskin with checkpointing (batch = 8,sec_len =512)
=51 2) index used_mem delta_mem delta_time
index used_mem delta_mem 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
end 5840 36 0.13 total 15109.75 0 1.655
total 15109.75 0 1.396


https://spell.ml/blog/gradient-checkpointing-pytorch-YGypLBAAACEAefHs
https://huggingface.co/docs/transformers/perf_train_gpu_one#gradient-checkpointing

Activation quantization

e taN'(X) — GELU'(x) SELU'(x)
1.5 - ¢ .
1.0 - - S — -
0.5 - 7 . / .
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Figure 1. Optimized 3-bit piecewise-constant approximations of the derivatives of activation functions.

Task
1 MRPC
2 | MRPC
3 MRPC
4 MRPC

Batch Size

128

128

128

128

GELU

Vanilla

3-bit

Vanilla

3-bit

Linear Layer
Vanilla
Vanilla
Randomized

Randomized

Peak Memory, GiB
11.30
9.75
9.20

7.60

Saving, %
0.0

13.8

18.6

ST
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https://github.com/skoltech-ai/fewbit

Automatic Mixed Precision training

Fine-tuning 32-bit model for 215 Fine-tuning 16-bit model for 215
terations. terations.

Time: 01:32 Time: 01:01

Peak GPU memory consumption: Peak GPU memory consumption:
8325 MB 6691 MB

Loss: 2.737073037 7906978 Loss: 2.737271473019622

e B :Baseline (FP32)
e AMP : Automatic Mixed Precision Training (AMP)

Algorithm Test Accuracy  GPU Memory  Total Training Time
B -1080 Ti 94.13 10737MB 64.9m
B-2080Ti 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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https://github.com/hoya012/automatic-mixed-precision-tutorials-pytorch
https://pytorch.org/docs/stable/notes/amp_examples.html#typical-mixed-precision-training

LION optimizer

Symbolic Discovery of Optimization Algorithms

Algorithm 1 AdamW Optimizer

iven 31, 35, €, A\, n,
tignitialiﬂzle g(?, Mo (_77 ({ vo < 0, ¢ 0 Algorithm 2 Lion Optimizer (ours)
while 6; not converged do given 3, B2, A\, 1, f
t—t+1 initialize 00, mo < 0O
gt < Vof(0i—1) while 6; not converged do

update EMA of g; and g7
my < Bimy—1 + (1 — B1)g:

v < Bovi_1 + (1 — B2)g?
bias correction

gt < Vof(6i-1)
update model parameters

ct < Bimi—1 + (1 — B1)g:
Ht — Ot_l — Mt (sign(ct) -+ )\et—l)

e mye /(1 — BY) update EMA of g,
Ot ve/(1 — B3) my < Bami—1 + (1 — B2)g:
update model parameters end while
0 < 0_1 — ne(he/ (V0 + €) + X0i_1) return 6,
end while
return 6,

-


https://arxiv.org/pdf/2302.06675.pdf

