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Efficient simulations of
ML and LQCD

Denis Boyda, ALCF

Efficient Simulations on GPU hardware, October 24-27, 2022



Outline

* One slide intro to ML

 Strategy for ML for LQCD software development
« Scaling the number of ML experiments / MLOPs
* Weak Scaling / Increasing Batch Size

« Towards larger memory limits:
O Checkpointing
L Model (pipeline/tensor) parallelism or strong scaling

 Efficient Simulations on one GPU
d Profiling PyTorch
O Move functions to GPU / Autograd function
O JIT compiler
dCustom kernels
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One slide intro to ML Argonne ‘%

Forward path
CRASH COURSE: DEEP LEARNING - a layer get output from previous layer,

« _does matmul with weights,
IHW . applcilesdaf[:ti\t/atiﬁn func;t:on,
Nory *. Sends data to the next layer.
¢/ %W“ -
X a0 )“y “neural network” Computations repeated for all layers
7 2
Backward path
« Gradients are computed using chain
rule
« Weights are updated using gradients

WX K

y = 0(A30(A,0(A1x + by) + by) + b3) 4 : 1
Training is done in batches.

i scecll Stochastic gradient descent is used

Slide credit: Bethany Lusch, ALCF
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Strategy for ML for LQCD software development

Measurements

observable regression

B. Yoon, T. Bhattacharya, R. Gupta, Phys. Rev. D 100, 014504 (2019)

* Observables calculation takes similar or larger than generation resources

* Use ML regression to compute them faster

* N Nerain + N,

of 0, Nyrain are used for training

effective samples size is increased from N, ., + N, to N

Configuration generation
with normalizing flows

Flow-based models learn a ch: - ble

that a known

V)

qU)

to the desired one

— L SR ey
D v A

Normalizing flows: better uncertainty
qualification at finite statistics

Lattice Schwinger model near criticality

Example of improving uncertainty estimation for finite
statistics

Determination of topological mixing is difficult due
10 UV fluctuations

— e HMC2  — Flow

fr(V)dv af~ () - _mmm!m
* Correct bias ; : r(V) |det——27—|dU i " i ]ll]ll]
) ; i
0= ————¥y0M + —¥(0, - 0}'") ~ 3
N = Ntrain = Noc Nbe bspisnr e ebssrbinn ot ) === pw) ¢ wm oo 1w w0 e %00 o
MCMC chain it ot [ e
J—
Can we decrease time for observable measurements and get higher statistics? SONSEI
Normalizing flows: better mixing Increase signal to noise ratio via contour
U(1) lattice gauge theory in 2D defo rm ation
Examphe of undar ssmpling of scrme region of Variable transformation does not change integral ~ Demenstraton in SU(3) gauge theory in 20
target probability density Example of improving topological sampling with NF ’
15 ing to other iques (HB, HMC) in U(1) LGT in 2D L =
F 0) = f D Ue~s@o(T) = f DU J(U)e~STW)o b))
03 2
ool [N G .
A , i

Compute QCD phase diagram in (T, mu)
with normalizing flows

Direct MCMC simulations of QCD at nonzero chemical D°"‘°"“’:§°" orlowtiased D”"s"”l"' Stis
5@) = 5-(of + ¢1) + A(oF +93) +iho

potential is not tractable due to Sign Problem

Several approaches use MCMC simulations at zero
and/or imaginary chemical potential

Simulations at several values of imaginary chemical ~
potential required in order to do extrapolation to real
region

After training Normalizing flow model gives access to

“all” values of imaginary chemical potential o M. Pawtousi and Jan M. Lran

D S CrgPAZE03 01243 92t

Can we get larger chemical potential?

] 0000 L 0600 oy
MC step

Phys. Rex Lom 126, 121601 (2020

(0) = (Q) = (J(U)e—s(ﬁ(u))ﬂ(u))

|
l

but changes uncertainties : [P e
|

transformation U = f(U) is optimized such that
var(Q) « var (0)

Can we apply it for viscosity computations in full QCD?

Thermodynamical properties of QGP and
EoS with normalizing flows

Lattice scalar field theory

The fundamental difficulty is that MCMC
is not able to directly estimate the
partition function of the lattice field

theory.

Normalizing flows have direct access to
partition function

o=S@®)  [o=5(@®)
7= [ Doan(@) "= )
Qo(p) Qo)

o)

Example free energy computation

i flow
+ HMC

KA Micok, . J Anders, L Funch
S Nabajoma, . Svamat, Py,

Reconstructing QCD Spectral Functions

with Gaussian Processes
Spectral functions are extracted from lattice QCD
correlator using inverse integral transformation which
is ill-defined problem

Reconstruction using Gaussian Process Regression

what is most probably value and uncertainty of p(w)
given some observations G(t;) with uncertainties

Hartng, K. dansen, P Kesee!,
Lem. 126, 032001 (2021)

Demonstration of extraction Ghost spectral
function in 2 + 1 LQCD; band shows uncertainty.

Can we compute QCD EoS with higher precision?

Did we improve a solution of inverse problem?

Slides credit: Denis Boyda, Machine Learning techniques in lattice QCD, 2022 RHIC/AGS Annual Users' Meeting, June 7, 2022
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Strategy for ML for LQCD software development
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Charged particle tracking

. Calorimetry

Particle identification
Event and signal classification

. Event reconstruction

Spectroscopy

Nuclear physics is a well-established field, with more
than a century of fundamental discoveries covering a huge
span of degrees of freedom, energy seales and length
scales, ranging from our basic understanding of funda-

mental constituents of matter to the structure of stars
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Strategy for ML for LQCD software development

Alexander Scheinker

Accelerator Operations and Technology Division Applied Electrodynamics Group,

Amber Boehnlein, Markus Diefenthaler, Nobuo Sato, Malachi Schram, and Veronique Ziegler Los Alamos National Laboratory,
Los Alamos, New Mexico 87544,

Machine Learning in Nuclear Physics

Thomas tefferson National Accelerator Facility, LS4
12000 Jefferson Avenue,
Newport News, Virginia, Michael 5. Smith
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Cristiano Fanelli Oak Ridge National Laboratory,
. Oak Ridge, Tennessee, 37831-6354,
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Massachusetts Institute of Technolog
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309y

1
D

arXiv:2112.02

Nuclear Science Division, B. Reconstruction .\.nrl .-\rl.\l\.bls I.- Nl - L Lestablichod L it )
Lawrence Berkeley National Labaratary, o particle tracking 15 Nuclear physics is a well-established field, with more
1i than a century of fundamental disc es covering a huge

L Syclotron Hoad sdentification 16 . ‘ !
Berkeley, California 94720, Dal clnmsification 16 span of de; s of freedom, energy scales and length
A iction 17 scales, ranging from our basic under wling of funda-

. Spectroscopy 17 mental constituents of matter to the structure of stars
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Scaling the number of ML experiments / MLOPs

Number of ML experiments in our data bases. Development of flow-base models for

u1 (ml_generation_u1) su2 (ml_generation_su2) su3 (ml_generation_su3) ferm (ml_generation_ferm) QCD (ml_generation_gcd)

Id : = Id = d I (¢ 2 Id = Id

_
52968 1386 1844 1521 1598 244

At what scale do you run or plan to run ML applications and associated
experiments

Recent review of users of
Argonne Leadership
Computer Facility

® 10(s) of experiments
@ 100(s) of experiments
1000(s) of experiments or more

64’ - v
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Scaling the number of ML experiments / MLOPSs - 2

MLOps (Machine Learning Model Operationalization Management ) provides
* Hyperparameters/configuration tracking

e Live information (stdout, stderr, results) Weights & Biases
* Artifacts (models, datasets) control and versioning
* Code control and versioning

e Environment configuration

‘= README.md

) Fa” trace ‘= README.rst

Omniboard
and an efficient way of analyzing experiments though Sacred 0 R
* Dashboard ongoub.

APl to database

!\/\’ neptune.ai
\\\ Aim

10 Argonne Leadership Computing Facility Argonneé

AAAAAAAAAAAAAAAA




Scaling the number of ML experiments / MLOPSs - 3

Status: 7 selected v Filters:  Column Name == Enter Value... Add Filter

1178 experiments

Id :: Experiment Name iz Hostname iz Format :: Command i1 Start Time i1 Status &2 Tags iz Notes
> 1386 @ phid_rev p54n1 MongoObserver-0.7.0 run_train 2022-08-31T16:33:37 COMPLETED Add Tags... oF 22, Adat
¥ 1385 @ phi4_squeeze p56n1 MongoObserver-0.7.0 | run_train 2022-08-30T05:05:11 PROBABLY_DEAD Add Tags... Enter Notes #°
> 1384 @ phi4_squeeze p56nd MongoObserver-0.7.0 | run_train 2022.08-30T02:28:37 PROBABLY_DEAD Add Tags... Enter Notes #°
T @ phi4_squeeze p56n2 MongoObserver-0.7.0 run_train 2022.08-29T11:53:13 COMPLETED Add Tags... Enter Notes #°
LT @ phi4_squeeze p55n4 MongoObserver-0.7.0 run_train 2022-08-29T11:53:02 COMPLETED Add Tags... Enter Notes #°
> 138 @ phi4_squeeze p55n1 MongoObserver-0.7.0 run_train 2022-08-29T11:53:02 PROBABLY_DEAD Add Tags... Enter Notes #°
> 1380 @ phi4_squeeze p54n3 MongoObserver-0.7.0 run_train 2022-08-29T11:52:53 PROBABLY_DEAD Add Tags... Enter Notes #°
> aare @ phi4_squeeze p56n3 MongoObserver-0.7.0 run_train 2022-08-29T11:51:46 PROBABLY_DEAD Add Tags... Enter Notes #°
T @ phi4_squeeze p5ind MongoObserver-0.7.0 | run_train 2022.08-29T11:51:46 PROBABLY _DEAD Add Tags... Enter Notes #°
T @ rhi4_squeeze p54n3 MongoObserver-0.7.0 run_train 2022-08-29T11:51:25 PROBABLY_DEAD Add Tags... Enter Notes #°
> 1316 @ phi4_squeeze p55n4 MongoObserver-0.7.0 run_train 2022-08-29T11:51:24 PROBABLY_DEAD Add Tags... Enter Notes

11  Argonne Leadership Computing Facility Argonneé
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Scaling the number of ML experiments / MLOPs - 4

phi4 (ml_generation_phi4)

Status: 7 selected ~

1178 experiments

Experiment Name Hostname

a e Id

v
1386 @ phi4_rev p54n1

Details for: phi4_rev (Id: 1386) »”

Metrics Plot

Captured Out

Metrics to plot

1 selected =

[J ess_per_cfg N

Experiment Details [J grad_norm
Host Info O time

() ess_big_batch
Run Info

O accept_rate
Meta Info

oM
Artifacts 3 var
Source Files 0 ro

O3 logZ
Config

dkl_norm

Height: 400px

12 Argonne Leadership Computing Facility

Format

MongoObserver-0.7.0

Filters:

Command

run_frain

20k

Column Name

40k

== Enter Value...
Start Time Status t2 Tags
2022-08-31T16:33:37 COMPLETED Add Tags...
Metrics Plot
60k 80k 100k 120k 140k

Add Filter

Notes

cf 325, AdamW

—— dkl_norm

Details for: phi4_squeeze (Id: 1385) «»”

Metrics Plot
Captured Out
Host Info
Run Info
Meta Info
Artifacts
Source Files

Config

@ "root" : {
“name" : "phi4_squeeze"
"base_dir" : "/work/lqcd/d1@a/users/dchackett/ml/lgft-..."
® "sources" : [...]

@® "dependencies” ! [+ .4 4]
© "repositories” i [
@6 :{
“url" : "https://github.com/gkanwar/lqft-flow-2.g« . "

“commit” i "c03f29e9888971ccce7e89738ad4c368cad3fafa”
"dirty" : true

}

@1:{...)

@2 :{ses}

®@3:{...}

@4 {eee}

]

"mainfile" : "train_phia fwd.py"



Scaling the number of ML experiments / MLOPs -5

Compare 2 Runs [1386, 1385]

Metrics Plot

Captured Out

Runs: 2 selected v = Metric Label:

Source Files Metrics to plot

1 selected ~
Config

X-Axis Type
@ Steps
O Timestamps

Y-Axis Type
O Linear
@ Logarithmic

Smoothing: 0.653 ¢

Plot Mode for Run 1385
lines

Plot Mode for Run 1386

dashdot

Plot Size
Width: 800px

Height: 400px

13 Argonne Leadership Computing Facility

P

Q = M
Metrics Plot
1000
——— 1385-dkl_norm
=== 1386-dkl_norm
100
10
|
1
.\\ NELRLEMRSVEEG)] 1385-dkl_norm
0.1 \‘_*"--- i ST
B (54.449K, 0.05609568) IR UMl e T e P e
20k 40k 60k 80k 100k 120k 140k
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Scaling the number of ML experiments / MLOPSs - 6

Compare 2 Runs [1386, 1385]

Metrics Plot

Captured Out

Runs: 2 selected v = Metric Label: _id ﬂ

Run 1: 1386 Run2: 1385

batch size: #6384 1024,

coupling_type: "AffineCoupling”,

ess_batch size: 16384,
final act: "tanh",
grad_clip: 100,

hidden sizes: [

weights params: null,

ights_type: null,
inner act: "leaky relu”,

kernel_size: § 3,

14 Argonne Leadership Computing Facility Argonneo
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Weak Scaling
Increasing Batch Size



Introducing of Batch Size

In LQCD one deals with one In ML one work with batch of

configuration Uﬂ at every moment configurations at every moment
due to Stochastic Gradient Descent

issive
HH -

==

gluon qugrk

NN
# (MatMul)

Image credit to EPJ Web of Conferences 245, 09008 (2020), CC Image credit to EPJ Web of Conferences 245, 09008 (2020), CC

Increasing Batch Size

e Speeds up training

* |Increases GPU utilization

* Does not increase communications between GPUs

Increasing batch size is the most common way to increase GPU utilization and do distributed training in ML

16 Argonne Leadership Computing Facility Argonne Q




Scaling Batch Size Has Limits

216 Steps to Reach 0.01 Validation Error 517 Steps to Reach 0.1 Validation Error 217 Steps to Reach 0.3 Validation Error
"""‘ [ S S S B 216!!!!'!!!"‘
21 LN
212} ] 1 C. J. Shallue et.al. Measuring the Effects of Data
a2 1 a 1 Parallelism on Neural Network Training. Journal of
2° . .
b= Jol 2 3 Machine Learning Research 20 (2019) 1-49, CC
2t 1
20 1 I 1 I L 1 | ~ 21 1 1 ] 1 | I i\ 24 ] ] 1 1 1 I 1 1 i i i
20 22 24 26 28 210 212 214 216 21 23 25 27 29 211 213 215 217 21 22 232425 2627 28 292102112122L3
Batch Size Batch Size Batch Size Three scaling regimes:
(a) Simple CNN on MNIST (b) Simple CNN on Fashion MNIST (c) ResNet-8 on CIFAR-10 ° perfect scaling
- . . « diminishing returns
221 Stelps t‘U R.ead\.' 0.?5 V:a“d.atm.n EI"ror 220 StEPs t? Re.aCh.O'B.l Val]||da't|or] AP 220 Ste!pst? Re‘ach r3.9 \I.’a\lczatlolnCr!nss Fntr?py . .
220N b o N « maximal data parallelism
18 r
7] 216 | w0 215 L
TR g2t
= e L
. P qul
212 ‘ 211 [
aul 2.0
ST S R S S S ga L
26 27 28 29 210 211 212 213 214 215 24
Batch Size Batch Size Batch Size
(d) ResNet-50 on ImageNet (e) ResNet-50 on Open Images (f) Transformer on LM1B

17 Argonne Leadership Computing Facility Argonne 6




Scaling Batch Size in Flow-based ML model for U(1) in 2D

ESS [0, 1] (effective
sample size) is
metric of quality of

generative model

" Horizontal slices of N

training curves for
different target ESS
bs=128 — bs=2048 — bs=16384 . .
0.2 —— bs=256 —— bs=4096 bs=32768 determlne perIOd Of
' —— bs=512 —— bs=8192 —— bs=65536 \_ training (# Epochs) )
— bs=1024
0.0 Vv ! IW ! . . . .
0 500 1000 1500 2000 2500 3000 3500 4000
# Epoch

ESS Threshold = 0.82

60001 ESS Threshold = 0.8
% ESS Threshold = 0.75
5 ESS Threshold = 0.7
¢ 40001
£ ESS Threshold = 0.65
% ESS Threshold = 0.6
o
22000

128 256 512 1024 2048 4096 8192 16384 32768 65536

Batch size
18 Argonne Leadership Computing Facility
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Distributed Training: Data parallelism

’:‘ —’{ Forward step H Backward step ‘ ‘ Optimizer step }7
/Abatch of configurations\ ' : - - : -

is spitted into mini- — 4| DeviceD -9 \

batches Grad. synchronizat. —_— . )
— Every iteration

workers all reduce
gradients and do
optimizer step

\ "u—f/ Grad. synchronizat.
[ — % Device N\ A _‘ /

(. : ) i ) Y\
. :I Forward step }—P{ Backward step ‘ ‘ Optimizer step I

\. J

Mini-batches are Every worker has its own copy of model on optimizer
o \_ ,
distributed among

Q/orkers (GPUs) / tl me

19 Argonne Leadership Computing Facility Argonneé
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Scaling Data Parallelism

--= Linear Scaling (sustained) # @
1500] ¥ Data'susrainzd /:: o Py-l_O rCh
1'/:!"
31250 o
u f’f’ .
S, .| * Scales out of the box without proper knobs
S i tuning
2 7501 i .
Horovod was scaled on g y: * Up to my best knowledge there are no numerical
Summit up to 4600 nodes T 500 demonstrations of scaling up to 4-5k nodes, but
. 1 - & .
(1 Summit node = 6 Nvidia w0l there is no reason not to scale
V100) with 93% efficiency e
o &
0 1000 2000 3000 4000

# Summit nodes

PyTorch DDP should scale out of the box

Figure 6. Scaling efficiency and Sustained Performance of dis-
tributed Deep Learning using the improved gradient reduction
strategies up to 27,600 V100 GPUs.

Horovod has knobs to tune for reaching high efficiency!

20 Argonne Leadership Computing Facility Argonneé
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Towards larger memory limits:
d Checkpointing



Memory Allocation sources in ML

There are two main sources of memory allocations in ML
* Storing weights and gradients for model as well as optimizer states ISt Qi AE R b
N (elg[aF--Ta\VE L[ I3 [hottleneck for large configurations, LQCD!

X y
layer n-1 layer n layer n+1
get input from previous layer x and save it

compute y = f(x)
Sent y to next layer

Storing activations allows to
save compute.

Without storing activations
compute ~0(n?)

With storing activations

compute ~0(n) X y
layer n-1 layer n layer n+1

restore input x
d .
compute g' = d—£ (x) at point x
Apply chain rule and send full gradient x to previous layer

22 Argonne Leadership Computing Facility Argonneé
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Gradients checkpointing - 1

Through recomputation of activations during backward path
memory cost can be reduced to O(+/n), where n is number
of layers of NN with only extra forward path (30% of
computation time)

Tiangi Chen, Bing Xu, Chiyuan Zhang, Carlos Guestrin, Training Deep Nets with
Sublinear Memory Cost, arXiv:1604.06174

Forward Path

* |Input to every section is saved in memory

e Activations inside sections are not saved

Backward path

 Recompute forward path inside a section with
storing intermediate activations

* Do backward path as usual inside the section

23 Argonne Leadership Computing Facility

layer n-4
layer n-3

layer n-2

layer n-1
layer n

layer n+1

layer n+2
layer n+3

layer n+4

AAAAAAAAAAAAAAAA



Gradients checkpointing - 2

1 class CheckpointFunction(torch.autograd.Function):
2 @staticmethod
3 def forward(ctx, run function, preserve rng state, inputs, *args):
4 ctx.run function = run function
5 ctx.save for backward(*inputs) layer n 4
6 H with torch.no grad():
7 — outputs = run function(*args) /ayer n'3
8 - return outputs
9 - , layer n-2
10 dstaticmethod
11 |— def backward(ctx, *args):
12 inputs = list(ctx.inputs)
13 with torch.enable grad():
= i * i
14 outputs ctx.run_function ( 11.1puts) /ayer n_1
15 torch.autograd.backward(outputs, inputs)
16 grads = tuple(inp.grad for inp in inputs)
17 return (None, None) + grads /GyE‘fn
10
layer n+1

Forward Path
* |Input to every section is saved in memory
e Activations inside sections are not saved

Backward path layering2
 Recompute forward path inside a section with layer n+3
storing intermediate activations layer n+4

* Do backward path as usual inside the section

24  Argonne Leadership Computing Facility Argonneé
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Gradients checkpointing — memory cost

Memory cost [

Every section stores
input activations

store activations for one entire

J At every moment we need to
section, i.e. all layers in it

\ . /v
CtOtCll ‘{ S Al"“;A \

when we identical layers and equal splitting of NN to integer number of sections
S - number of sections (checkpoints)

n —number of layers in NN
A — activation size of one layer

with s = +/n total memory cost

Ctotal ~ \/ﬁ

when sections contain different layers optimal number of checkpoints

25 Argonne Leadership Computing Facility

s = JCintermediate/Cinput

layer n-4
layer n-3

layer n-2

layer n-1
layer n

layer n+1

layer n+2
layer n+3

layer n+4
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Gradients checkpointing — memory cost

At every moment we need to

Every section stores
Memory cost { / J [ store activations for one entire }

input activations o o
section, i.e. all layers in it

\ . /v
Ctotal ‘{ SA|+ EA

when we id
S - number

e Spoiler: with normalizing flows or any other
| invertible architecture no inputs must be

with s saved which makes total memory cost
constant as the number of layers increases

when sections contain dijferent layers optimal nUmber of Checkpoints

s = JCintermediate/Cinput

26 Argonne Leadership Computing Facility

layer n-4
layer n-3

layer n-2

layer n-1
layer n

layer n+1

layer n+2
layer n+3

layer n+4
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Towards larger memory limits:
J Model (pipeline/tensor)
parallelism or strong scaling



Distributed training: Model vs Data parallelism

Parallelization schemes for distributed learning

Worker 4
% Worker 1 Worker 4 Worker N

Worker3 orker 2 %\
(C /(ﬂ (\\ \f\

i e
A p A NS o
N ST Sl [l
/ [T )6\
) N O 299
) ) ) ) — ., . . k \ k ) ) )
S A ,7
) ,
Ea -
I\ /I {

<
<

: X
AN Y
N S

|
4

> ]

= -

Model parallelism Data parallelism

Image source is Huihuo Zheng Talk at Argonne Training Program on Extreme-Scale Computing 2019
https://extremecomputingtraining.anl.gov/files/2019/08/ATPESC_2019_Track-8_6_8-9_130pm_Zheng-Data_Parallel_DL.pdf

/
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Tensor parallelism

Device 1

Y

concat.

/4

O
O
O
O

Device 1

* For fully-connected layers and attention heads amount of communications is proportional to number of layers and

layer size
e Collective required
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Tensor parallelism for LQCD — halo exchange

In LQCD just split configuration and do halo exchange

Halo
exchange
Device 3 Device 2
Device 3 Device 2
| |\'Halo exchange ) )
. i - . Halo exchange
Halo
exchange
Device 0 Device 1
* Only halo needs to be exchanged
* Point-to-point communications Device 0 Device 1
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Pipeline parallelism

output

T

layer &

T

layer 7

T

layer 6

T

layer 5

T

layer 4

T

layer 3 | | : : i
T ) . * start of forward path  start of backward path - Update of model weights

FO : {u

layer 2 . .
T . fime of one iteration (epoch) : time

-« >

layer 1

T

Input data Input data
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Pipeline parallelism: efficient training

Efficient implementation is possible and requires advanced pipeline schedulers
Yanping Huang et. al. GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism. 2018.

arXiv:1811.06965 micro batch

GPU3 . F1 F2 F3 | ED B1 B2 B3 ju]

GPU2 : FO | F1 | F2 | F3 : BO B1 B2 B3 ju]
‘ GPU1 ‘ : FO | F1 | F2 | F3 . . BO B1 B2 B3 1u

: Pipeline ]

GPUD Fo | F1 | F2 | F3 Bubble BO B B2 B3 ]U
start of forward path start of backward path Update of model weig htsf
: fime of one iteration (epoch) time
€

. . bubble time number of devices (pipeline stages)-1 p -1
Buble time ration = — = , =
computation time number of micro batches m

Memory cost per device ~ number of micro batches ~ m
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Pipeline parallelism: advanced scheduling

More efficient pipeline scheduling allows to reduce bubble time ration and memory allocation

Bubble time ration Activations memory cost

GPipe
Y. Huang et. al. GPipe: Efficient Training of Giant Neural
Networks using Pipeline Parallelism. 2018. arXiv:1811.06965

PipeDream-Flush

D. Narayanan et.al. Memory-Efficient Pipeline-Parallel DNN
Training. arXiv:2006.09503

Interleaved Stages

D. Narayanan et.al. Efficient Large-Scale Language Model
Training on GPU Clusters Using Megatron-LM.
arXiv:2104.04473

p - number of pipeline stages (devices)
m - number of micro-batches
v - number of model chuncs
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Efficient Simulations on one GPU

. Profiling PyTorch

J Move functions to GPU / Autograd function
 JIT compiler

dCustom kernels, Sycl/cupy/Numba, DLpack




Profiling PyTorch

Python cProfile

TensorBoard PYTORCH_PROFILER I

LELE PyTorch profile analyses only PyTorch operations which makes understanding of hotspots confusing. To profile all operations, one may use

¢ Configuration Execution Summary python profiler - example2/v2.py:
funs Number of Worker(s) 2 Category Time Duration (us) Percentage (%)
Devi GPU A Step Ti 6,662 100 3 . X
PyTorchProfiler . evice Type K::::?s - 4511 8771 101 function calls (89 primitive calls) in 2.422 seconds
Memcpy 0 0
Workers Memset 0 0 i .
Runtime 460 69 Ordered by: cumulative time
thing03_62588.1619037153274 ~ DataLoader 0 L]
CPU Exec 1226 18.41
Views Other 465 697 ncalls tottime percall cumtime percall filename:lineno(function)
I i Step Time Breakdown ® 1e/1 0.0080 8.000 2.422 2.422 module.py:1096(_call_impl)

1 0.077 0.077 2.422 2.422 v2.py:24(forward)
4000 1 2.000 0.080 1.937 1.937 <__array_function__ internals>:2(argwhere)
3 4/1 0.000 0.000 1.937 1.937 {built-in method numpy.core._multiarray_umath.implement_array_function}
H £ 1 0.004 8.004 1.937 1.937 numeric.py:57@(argwhere)
§ 4000 2 a.008 0.080 1.933 ©.967 fromnumeric.py:52(_wrapfunc)
g 1 0.008 0.080 1.325 1.325 <__array_function__ internals>:2(nonzero)
B ao 1 e.eee  6.086  1.325  1.325 fromnumeric.py:1827(nonzero)
0 . - 1 1.325 1.325 1.325 1.325 {method 'nonzero' of 'numpy.ndarray' objects}
@ NVIDLA Nsight Systems 2022.2.1 - =] *
Fle View Took belp
Project Explarer X | | v2onsys X m
= Project3
B B Tmoloe view - Qu L © /1120 wamings, 100 messages
Performance Recomr L L
B oo 185 v +9346ms +9348ms +935ms +935.2ms [ 16 935381 +935 6ms +935 fms +936ms +936.2ms -
- NIA i. v2-nays P [13862] mpiexec
W oo ¥ [13878] python
w  CUDA HW (000G:07:00.0 - NVIDIA A100- B 0 BOLA L0 L 0 b w R DL R R e et A R AR RLONLR RN R Ak L A R e Ldd kA b bahbnddad L Lhaadd B
b ABSweers] A0 0 MORE L0 RO OO SN N R URRUNNEN IR0 I ORI I DA NRANN AR RRRRNY Wi
¥ >99.9% Default steam 7 nim HIl I I n
b 926% Kemels nim HEIl NN T i T n
B 64% Memary
farward [30,463 ms]
plag_cougling [25,671 ms]
plag_coupling-forward [25,671 ms]
diag 2,730 ms]
Prgoralersi, s < 5098 op < 508 577 mol
NVTX - C _torch,_diagonalize_su, op i = 65432 [2.314 m3]
8]
74 streams hidden... -+
v Theeads (20)
b [13988] pythan
w [13878] python
05 runtime ibraries
NCOL
i - Tormard GO
wlag_cougling 125,875 ms| b
4 »
m)
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Move all functions to GPU / Autograd function

torch.linalg.eig (A, #, out=None)

®* NOTE

When inputs are on a CUDA device, this function synchronizes that device with the CPU.

lclass DiagonalizeSUN(torch.autograd.Function) :
@staticmethod
\ def forward(ctx, U re, U im, *, diagonalize= simple np diagonalize):
U = ComplexTensor (U re, U im)
d, P = diagonalize(U)
ctx.save for backward(d.real, d.imag, P.real, P.imag, U.real, U.imaqg)
return d.real, d.imag, P.real, P.imag
@staticmethod
\ def backward(ctx, gd re, gd im, gP re, gP im):
d re, d im, P re, P im, U re, U im = ctx.saved tensors
gU re, gU im = grad diagonalize(d re, d im, P re, P im, U re, U im, gd re, gd im, gP re, gP im)
return gU re, gU im

def diagonalize suN(U):
d re, d im, P re, P im = DiagonalizeSUN.apply(U.real, U.imag)
return ComplexTensor(d re, d im), ComplexTensor(P re, P im)
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Just in time (JIT) Pytorch compiler

v CUDA HW (0000:0700.0 - NVIDIA AT00- (YN TAFFTY TARPETYPTRTN Y NPT RN PTRS [ TFN NPT R T T PRI PN Y R FE I PTI N PIAS (A PRRN I P O = T N RPN IU NPT FIAM AR FIFTFI R (AN P A [NR P PIA Y R RN PIF [N TR FIRPTFIRFTF TR Y |
b 94.7% Kemels 000 AR LU 100 O 0 A0 0 AL O AR R AR R U0 R RO R A MUl (AR UURA ] LR ORURUMD] (RURED A0 ARMAR CRURIARE RURRIRHIRIRL RN AT I 1w 0 2R
¥ 5.3% Memory

58.3% HtoD memcpy

41.7% DtoH memcpy

[ _torch_diagonalize_su3 [2,540 ms] ]

@I

NVTX Pl

@torch.jit.script
Fuse a lot of small cuda kernels to one kernel

PYTORCH_NVFUSER_ENABLE=complex def _torch_diagonalize su3(U):

. N ]
¥ CUDA HW (0000:07:00.0 - NVIDIA A100-
b 94.7% Kemels e e e D) Gl e CIEEREE
¥ 5.3% Memory

58.3% HtoD memcpy

41.7% DtoH memcpy

JiTed [114,431 ps]

_torch_diagonalize_su3, op_id = 49761 [114,431 ps]

nvFuser:Manager:runCudaFusionGroup [63,039 ps] ] [aten::stack, seq ] [aten::stack. seq = 0] [aten::linalgjur... ] atenzdiv, seq = 0, op_id...

GraphCache:runGraphWithinputs [63,039 ps] [aten::cat, op_id ] [aten::cat, op_id = 4] [aten::linalg_ve::t...]

NVTX 2% FusionExecutorCache:runFusionWithInputs [63,039 ps]

FusionKernelRunti MultikernelWithinput [63,039 ps]

FusionExecutor:RunFusion [63,039 ps]

e | | | | e | |

)
)
)
FusionKernelRuntime:runKernelWithinput [63,039 ps] ]
)
)

ExecutorRunFusion:culaunchKernel [63,039 ps]
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Custom Kernels

Write custom CUDA or SYCL kernels
https://pytorch.org/tutorials/advanced/cpp extension.html

or bind to existing LQCD codes

SETUP pyind11

or use NUMBA

2 Numba
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https://pytorch.org/tutorials/advanced/cpp_extension.html

Summary:

Invest time In
development only
when necessary
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