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SCALING WORKLOADS IN A DATA CENTER IS HARD

Performance Debug requires significant breadth
Cluster hardware

ClUSter ]nfraStrUCtu re o - . w ’"‘ )y'. i CONTAINERIZED APPLICATION

DEEP LEARNING FRAMEWORKS
DEEP LEARNING LIBRARIES
CUDATOOLKIT

Cluster software stack

CONTAINER 0S5

Visualizing Activity on 100s of
Nodes Leads to Data Overload

CONTAINERIZATION TOOL

NVIDIA CONTAINER RUNTIME FOR DOCKER

Data Analytics Simplifies Debug

NVIDIA DGX SOFTWARE STACK

2 <ANVIDIA.



DISTRIBUTED DEEP LEARNING TRAINING 101

all-reduce VW (FP16 values)

L |
Examples / dataset = 16 .. | Forward propagation

Backward propagation

Batch / GPU =2

Total batches / dataset = 8 All-reduce w-gradients

Num-GPUs = 4 _ Weight update

Steps / epoch = 2

Epoch <

NVIDIA.



DEEP LEARNING - RELAY RACING IN A DATA CENTER

Epoch = Race; Step = Race Segment
Each ‘team’ has 1000s of runners / segment (i.e. 1000s of processes / step)

A single Epoch is like a relay race with 1000s of runners (processes) per team per segment (step) of the race.
Efficiency defined by the slowest runner.

4 <ANVIDIA.
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2 Timeline View - | S A\ & warnings, 201 messages

+150ms +155ms +160ms }165ms +170ms. +175ms +180ms +185ms +190ms a
CPU ——,— e A A . e Kt - 'L“l”_ PR U T W SN T == T SN U U U U S — 4 —y— A — —a - —r .L.’;_
CPU 94 Utilization I

I I |
diat g . .

u CPU 95

v Processes (49) Processes &
v (@ [54354) pytho Threads

| - _Nsight Systems Functionality

APIs s e

pthread_cond_wait

- e I 2 S T Y = Traceable APIs
- instrumentation IR o @ CUDA
el [ —— AR SRR « cuDNN

* CUBLAS

pthread_cond_wait ot s e I~ e e . TensorRT

CUDA AP CUBLAS APIs stascdoda i biliu st d aned las ol sl 14 dteantao s lanadl ahnfisia :
e J_xJ.;..‘ o . Ll | -.u.uu" il | L u.. -~k OS Runt.lme

v ¥ (56496) python 'I”.-l‘m | | - - o | N ° MPl
bress ten—b_ « OpenMP

UIFRTTTaR YTy ¥ 'SPENTEIR NI AN T RR/GR N 'evrerenray 00 |

- CUDA (Tesla V00-SXM3-3 —i e IEHLEIL 7 i G 7 L | O 8 e N i O G 1 B o OpenACC

v ¥! [56191] python ~

0S runtime libra

v All Streams

iy kernels & RIS TITTTTYITRRNITE 4 W N EVENNA NN SIS WE TR SN N T VUlkan
} 99.3% Kerne tgir:f‘;% RO §  SYTRTANN AT NV AN 'ARTERION'A )
En— f i + OpenGL

NVTX

srsmaen. = " GPU Context
» 1 [54268] python : y
. ' Switch

Bottom-Up View ~  Process [54354] python (6.1%, 15 of 15 threads) .

7 Filter... 0.81% {171 samples) of data is shown due to applied filters, Time filter: 3.14 to 3.19 (0.05 seconds or 0.6%).

ftrace

Symbol Name CPU IP & self,% = Module Name
~ _PyEval_EvalFrameDefault 5.85 /opt/conda/bin/python3.6
~ fast_function backtrace 3.51 fopt/conda/bin/python3.6
» call function sample data 3.51 jopt/conda/bin/python3.6
» gen_send ex 1.17 jopt/conda/bin/python3.6
» PyEval_EvalCodeWithName 0.58 fopt/conda/bin/python3.6
[Max depth) 0.58 [Max depth]
v _ pthread_mutex_unlock 3.51 /Iub/xsa 64 hnux -gnu/flibpthread-2.27 .s0 -

R -~ R

. . “n +
< »

Export Data To:
« SQLite
 HDF

JSON

Text

Architectures

Supported
Power

« ARM Server

* Tegra

e X86_64




SCALE-OUT DEBUG



NCCL - NVIDIA Collective Communications Library

VARIATIONS IN EXECUTION CAN LEAD TO EFFICIENCY LOSS

Bl Forward kernel
3 Backward kernel
Bl NCCL all-reduce kernel

Bl \Weight-upd. Kernel
(optimizer)

GPUO 10 1 o I 7_
..... A . Timeli : : ——
R sync Note: Timeline may look different if e.g. using:
——1 * Model-parallelism
 Distributed Batch Normalization
» Distributed optimizer
[ I O s Y N » Async pre-processing side-streams
GPU1
I
1
SR P e T e N -
GPUO
o I e e s .
GPU1
I
—
v 8 NVIDIA

Jitter time overhead — efficiency loss!



This talk: Understand/ optimize efficiency
loss due to variations in scale-out DL training
via data analytics

Magnitude of efficiency loss due to jitter?

Which Step?
Which Node?
Which GPU?
When did efficiency start to diverge within a step?

Where do we look in profiles to isolate cause(s)?
Culprit(s): CPU overheads, GPU overheads, both?



NCCL - NVIDIA Collective Communications Library

b All Streams

¥  38.4% Default stream (7)

P 99.4% Kernels

b 0.6% Memory

NVTX

¥ 27.0% Stream 33
P 100.0% Kernels
¥  26.2% Stream 35
b 100.0% Kernels
¥ 8.4% Stream 37
b 100.0% Kernels

NVTX

>

CASE STUDY

Transformer Model in PyTorch

960 GPUs

903 kernels / step

Batch/ GPU = 640 tokens (synthetic/ identical)
2000 warm-up steps; 50 profiling steps

One Step
|

J\

| Forward Backward W-update

L IR TP TATAr ey I NRFNY TN IR FRY WS FTT WA W FWwria

L Ll o ol i Lo ko SO L L ML o DAL B b L i L L N

] I l||

epochl step/ZU/75-rankal1/7-o0d40) o-040 5-64U o 14Y .00 m

Transformer Model

Output
Probabilities
| Softmax |
%
l  Linear )
(" )
| Add & Norm e~
Feed
Forward
)
r 1 N\ [ Add & Norm Je~
) Multi-Head
Feed Attention
Forward ) Nx
{ ( J~
Add & Norm
N x T
~—>| Add & Norm ) e
Multi-Head Multi-Head
Attention Attention
L_} & A }

\\— J \_ v,
Positional Positional
Encodi '9 ¢ '

ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
10

<ANVIDIA.



OBSERVATIONS

Bl Forward kernel

> Every Step executes the same kernels £ Backward kernel
USing the same data Bl NCCL all-reduce kernel

Bl \Weight-upd. Kernel
(optimizer)

> synthetic data used

> All steps synchronize across GPUs at

the end of the last NCCL AllReduce GPUO T T _.“;:
kernel —

> NCCL kernel order doesn’t matter GPU1 o I O e e sl ]
since run concurrently on separate ——

streams I

11 <ANVIDIA.



JITTER

GPU: 180 (min_rank)

Forward Backward W-update
' rennrr il Yy 7t oyYyg* - 1 ¥
v 28.7% Default stream (7) . - -

T
|
GPU: 392 (max_rank)

|

|

Forward Backward I I W-update
|

v 38.4% Default stream (7) _ INMFRTT e eI T aaryifr § S WRFEY S N ITR S MMMM 1

B —
> 99.4% Kernels AL 1 110 d ol Ll Lt Lo OO 0L L L mwmg ! [J[_adam_cuda kemel |

Jitter time overhead — efficiency loss!

@ 1 == min_rank=180
§40-°°0-°°O§ B - o , _ jitter magnitude 2000
S w00l Time to complete fwd+bwd execution Jitter ef fictency loss = step time
; § min_rank - fastest ——
g 200000 max_rank - slowest = f"’"/ _-—
L i, ——— —— X-Axis represents index into kernels
S i —— executed on behalf of step
0 | | | ' 260 ' | | | 460 . . ' | 660 | | ' ' 860 |

Training step kernel ID

12 <ANVIDIA.



BUILDING THE ANALYSIS



TOOL TO ANALYZE SCALE-OUT DL TRAINING JITTER

Uses popular, open-source Python packages

Task 1: Extract relevant profiler data

sQL =) )
@ 1| pandas bakeh
i

Nsight Systems

UBeaver




EXTRACT RELEVANT PROFILER DATA
Why? For analysis in our favorite tool (Pandas in our case)

Timeline of 1 GPU process of the multi-GPU run

* Threads (4)
* [81208] python

CUDA API CUDA API info

v [79757] pythen

- oot

CUDA AP! T PO (I NI O R WO | N T P PN |

NVTX string identifying activities of a step

HHIM*LhMMM-mthJ—LLLMHLI mu.blhlll\nk.lﬁl lm.lu.l m-..l—lﬂll.ﬂmllLl h.l.n'llL.lh.ln’ I.ud.cuLnﬂ-llIlu-ln'llL.uluhlm.‘ll—JhLl.lm.ll-lnklll.-J 1h .l

‘_

%[ fonard [10.207 m

| |Jt"‘ua.|h-mhn.:-ﬂ.m.ll..]

Profiler overhead

~ [82529] python

. Jﬁp;wmm“ummmmwl-m Y :
: fﬁzi:i GPU kernel info — : |
- 298%Defoultstream (7) s U MMM BN AL W s Lk ; ML R A RN B ML RS RN MUE. MAE MAEN. MLLE MRLE AL , - ———
> 99A% Kemels D ARG L0l 00d 0 bl L G0 DGR L 8. Dk DMONAEN ML L D R D B . DONR ML DL NANE MR, MR MLLL ARISS | .—.I
b 0.6% Memory ., _ | | 2
NVTX
¥ 9.4% Stream 37 i

NVTX string: \_/\
‘epoch#_step#’ \ C

: .py .CSV

.qdrep .sqlite '\_/\ —

— 1i 1. one per GPU rank
nsys export -t sqlite reportl.qgdrep \/- _ (kernel activities)

nsys DB files
(one per process)

nsys profile —-c cudaProfilerApi -t cuda,nvtx —-s none

A 4

15 <A NVIDIA.



Schema subject to change
in future versions of Nsight Systems

NSIGHT SYSTEMS EXPORT TO SQLITE

Search 50

1 fﬂ 0530 commit CLRollback B+ i Auto O*E SQLite - profi... 12195_0.sqlite ¥ [F <NJ/A> v i ' ' Q B

b~fi=e§ PR CUPTI_ACTIVITY_KIND KERNEL &2 FB NVTX_EVENTS 22 = 8 | B CUPTI_ACTIVITY_KIND_RUNTIME &3 =
Sl BB Properties | [} Data |5k ER Diagram EB Properties | I} Data 4 ER Diagram | | EB Properties | Data |5, ER Diagram
v MisQLite - profile_circe-n079_212195_0.sqlite W, sQLite - profile_circe-n079 212195 0.sqlite = Tables ~ W sQLite - profile_circe-n079_212195_0.sqlite
v HTables q q q
» BB CUPTI_ACTIVITY_KIND_KERNEL - CUPTI_ACTIVITY_KIND_KERNEL | NVTX_EVENTS| ~~ CUPTI_ACTIVITY_KIND_RUNTIME
¥ BB CUPTI_ACTIVITY_KIND MEMCPY = 123 start 173 start
star star
» B8 CUPTI_ACTIVITY_KIND_MEMSET o Z;T 173 e 12 end
¥ BB CUPTI_ACTIVITY_KIND RUNTIME 123 deviceld 123 eventType 123 eventClass
» BB CUPTI_ACTIVITY_KIND_SYNCHRONIZATION 123 contextld 123 rangeld 123 globalTid
P BBNVTX_EVENTS 122 skreamid 123 category 123 correlationid
» BB PROFILER_OVERHEAD 123 correlationid 123 color 123 pameld
» BB ProcessStreams 123 globalPid e text # returnvalue
. 123 123 i
shortName endGlobalTi
» BB TARGET INFO_CUDA_GPU 123 launchType 123 textld
» EEITARGH_INFD_CUDA_NULL_STREAM 123 cachetonﬁg 1232 domainld 1 gbjectg 1002 - G‘J\(
» BB TARGET INFO CUDA STREAM 123 registersPerThread 123 yint64Value
» BB TARGET INFO GPU 123 gridX 123int64Value _
» BB ThreadNames 123 gridY 123 doublevalue 8 Stringlds &2 -0
. 123 gri 123 yint32Value . .
B Views o E{iix 123 int39value P8 Properties | [} Data |5 ER Diagram
M Indexes 123 blockY 123 floatValue W sQLite - profile_circe-n079 212195 0.sqlite
-Sequenc‘es 123 blockZ 123 jsonTextld 4
M Table Triggers 123 staticSharedMemory RBE jsonText m
v [l Data Types 123 dynamicSharedMemory 125 id
123INTEGER 123 |ocalMemoryPerThread ave value
123REAL 123 localMemoryTotal
123NUMERIC 1% gridid
A TEXT 123 sharedMemoryExecuted
123 graphNodeld
i BLOB P
Entity Diagram CUPTI_ACTIVI | 100% v @ Q otf 1 objects 100% Entity Diagram | 100% v K

CST en US: m:
_Us [BoM of 180M [T} 16 <ANVIDIA



One CSV per GPU per Step

EXTRACT RELEVANT PROFILER DATA 2

A B | C | D | E F | G | H | I.
kernel

nvix_text nvix_start nvix_end device crt_name cri_start crt_end kernel_demangled name stream
_|epochl_step2003-rank0-640_8-640 8-640 8 2078218693 2119940042 OcudaLaunchkernel v7000 2078744304 2078762194 void indexSelectLargelndex<cl10::Ha 7
_|epochl_step2003-rank0-640_8-640 8-640 8 2078218693 2119940042 OcudaLaunchkernel v7000 2078799192 2078809641 void at::native:elementwise kernel<k 7
_|epochl_step2003-rank0-640_8-640_8-640_8 2078218693 2119540042 O cudaLaunchKermnel _v7000 2078858614 2078868767 void at::native::elementwise kernel<k 7
|epochl_step2003-rank0-640 8-640_8-640 8 2078218693 2119940042 O cudaLaunchKernel v7000 2078883166 2078892114 void at::native: .elementwise kernel<t [
_|epochl_step2003-rank0-640_8-640 8-640 8 2078218693 2119940042 OcudaLaunchkernel v7000 2078910397 2078918709 void THCTensor kemel_scaninnerm# 7
|epochl_step2003-rank0-640_ 8-640_8-640 8 2078218693 2119940042 O cudaLaunchKernel v7000 2078931166 2078938950 void at::native:elementwise kernel<t 7
_|epochl_step2003-rank0-640_8-640_8-640_8 2078218693 2119540042 0 cudaLaunchKemnel _v7000 2078960580 2078967487 void at::native: elementwise kernel<k 7
_|epochl_step2003-rank0-640_8-640 8-640 8 2078218693 2119940042 OcudaLaunchkernel v7000 2078991832 2078999976 void indexSelectLargelndex<cl10::Ha 7
_|epochl_step2003-rank0-640_8-640_8-640_8 2078218693 2119540042 O cudaLaunchkemnel _v7000 2079022018 2079029246 void at::native: elementwise kernel<k 7
|epochl_step2003-rank0-640_8-640_8-640_8 2078218693 2119540042 O cudalLaunchKermnel_v7000 2079061049 2079069674 void at::native::(anonymous namespk 7

2081895540
2081904724
2081910036
2081912948
2081916660
2081922068
2081924436
2081926420
2081934580
2081938580

Lists all kernel executed within a single step

Correlations between steps, kernel launches,
kernel executions established

K

kermnel start Jkernel end

2081903732
2081908692
2081911924
2081914836
2081921140
2081923444
2081925684
2081933620
2081937652
2081944597

kernel duration

17

8192
3968
1888
1888
4480
1376
1248
7200
3072
6017

<ANVIDIA.



TOOL TO ANALYZE SCALE-OUT DL TRAINING JITTER

Uses popular, open-source Python packages

Task 2: Calculate analysis data

B )
&

Nsight Systems

UBeaver

mlpandas

-

bakeh




Bl Forward kernel

(3 Backward kernel

Bl NCCL all-reduce kernel
Bl \Weight-upd. Kernel

(optimizer)
GPUO **I | O 3O 3 ]
: : ——— 1
: : C——1
GPU]_ ??I ] 3 3 3 ]
L ——— 1
Vo ——

Calculate mean across GPUs for each kernel

KERNEL DURATIONS

Calculate 2 Sets of values (using Pandas dataframes)

> Kernel Duration (nanoseconds)

Kernel Kernel GPUO GPU 1 GPU ... GPU 959
Index Name
0 a 9176 10575 7866 8234
1 b 3451 6456 9765 4401
902 b 4144 7345 5721 5177

> Kernel Duration - Average Kernel Duration (computed across GPUs)

Average
Kernel Kernel GPU O GPU 1 GPU ... GPU 959 Kernel
Index Name Duration
0 a -435 964 -1745 -1377 9611
1 b 2111\ 894 4203 1161 5562
902 b 1086 \ 2115 491 53 5230
\

@91 76-9611

19 <ANVIDIA.



KERNEL GAPS (TIME BETWEEN KERNELS)

B Forward kernel

(3 Backward kernel Need to handle 3 cases:
Bl NCCL all-reduce kernel

Bl \Weight-upd. Kernel

(optimizer)
— o o | Default stream kernels except the first one
m =B O @ 0= —
GPUX > Subtract the previous kernel’s end time from the current kernel’s
start time
X

:- S | Handle the first kernel’s gap (red bubble)
GPUO : — : > Calculate distance X from the end of the last NCCL kernel to the

| | start of kernel 0 (blue arrow)

! Max distance !

S Rl el — > Subtract calculated distance X from ‘Max distance
GPUL | ————— |

| I |

Step NCCL kernels use kernel gap of 0 (default stream kernel timestamps

capture all the important interactions)

20 <ANVIDIA.



Bl Forward kernel
3 Backward kernel
Bl NCCL all-reduce kernel

Bl \Weight-upd. Kernel
(optimizer)

0 a 12921 11034 14548
1 b 80124 94890 100344 91209
_— 902 b 210467 197712 215983 200334

I
GPUX

KERNEL GAPS

Calculate 2 Sets of values (using Pandas dataframes)

> Kernel Gap (hanoseconds)

Kernel Kernel GPUO GPU 1

Index Name

GPU ... GPU 959

> Kernel Gap - Average Kernel Gap (computed across GPUs)
Kernel Kernel GPU O GPU 1

Index CEluls

GPU ... GPU 959

Average

Kernel
Gap

0 a 1377 , 510 3004 11544
1 b 17265\  -2499 2955 97389
902 b 8068 \ -4687 13584 202399
\
1377=12921-11544
21 <ZNVIDIA.




Bl Forward kernel
3 Backward kernel
Bl NCCL all-reduce kernel

Bl \Weight-upd. Kernel
(optimizer)

12921 80124

|
GPUO

9176 3451

105672 = 12921 + 9176
+ 80124 + 3451

TIME TO KERNEL END

Calculate 2 Sets of values (using Pandas dataframes)

> Time to Kernel End

Kernel Kernel GPUO GPU 1 GPU ... GPU 959
Index Name

0 a 22097 21609 22414 18047

1 b 105672 122415 132523 113657

L 902

> Time to Kernel End - Time to Kernel End (computed across GPUs)

Kernel Kernel GPU O GPU 1 GPU ... GPU 959
Index Name
0 a -1469 -1957 -1152 -5519
1 b -14139 2604 12712 -6154
902 b

Average
Time to

Kernel
End

23566

119811

22 <ANVIDIA.



SUMMARY OF CALCULATED DATA

> Kernel durations across GPUs (find long kernels, load imbalances)

> Kernel gaps across GPUs (find CPU issues - e.g. thread
synchronization)

> Cumulative Time to Kernel End across GPUs (ensure NCCL kernels
0’ed out before applying)

> Note: Raw kernel durations were obtained from profiler data. All other table data was
calculated.



TOOL TO ANALYZE SCALE-OUT DL TRAINING JITTER

Uses popular, open-source Python packages

Task 3: Visualize ‘ P

) - ———
@ |:5| pandas bskeh l

Nsight Systems

Use your favorite package

UBeaver

24
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KERNEL DURATION VS AVERAGE KERNEL DURATION

¥ 28.7% Default stream (7) -.-'_-u _-

GPU: 180, syun s D o B 8 T B St gttt o

(min_ran k) v 30.7% Stream 33

¥  29.3% Stream 35

v 384% Default stream (7) IR TP FOAOar T § I NEFNEY SN ITAW N FRYY S AN F7r UaTey ¥ FWwiria 1

GPU: 392 s - TRTTRPI T ON 1 TRAIRAN SUTRAN JCPQRR (TARN SRy B

( m aX—ra n k) v 27.0% Stream 33

0
v 26.2% Stream 35 . L o

GPU 180: 6 NCCL kernels forced to wait causes purple spikes GPU 392: NCCL kernels run fast (no waitin_g) causes red spikes
S RwlFo000

2,000,000 -
1 == min_rank=180

o | == max_rank=392 r

s
§ -2,000,000 1
> i
£ 4,000,000 Conclusion: Very little difference in kernel execution
5 ! time vs average kernel execution time.
= wanae GPU kernels are not the source of jitter.
0 200 400 600 800 ZNVIDIA.

Training step kernel ID



KERNEL GAP VS AVERAGE KERNEL GAP

GPU: 180 (min_rank)

Forward Backward W-update
v 28.79% Default stream (7) ' renner i ey oy¥y t* - 1T ¥ | | - ro.......
GPU: 392 (max_rank)
Forward Backward : : W-update
- 384% Default stream (7 TN AT § TR AN AN IR IR FT A T rwpr 1 N | S
|
> 994% Kernels TN 1 YRNTRAN SN TRAN JCVAR TVANTR TIRpg T g  (J[_adam cuda kemel
‘e
GPU 392 has more whitespace gaps — CPU launch overheads!
r‘@ 10000001 — min_rank=180
= {1 = max_rank=392
&
S
S 500,000
o ,
; DE—-an-o—ﬂ-'—f-‘ - | Y P SRR S S SR
g | Conclusion: CPU bottlenecks likely during Final GPU 392™,
2 500,000 positive red spikes prevent kernels from being gap is small
X ' launched as efficiently as GPU 180 timeline. (no waiting)
2[1'10 | . . | 460 | | | | 6{30 | | | | BL’IO . .

Training step kernel ID



Kernel launch-to-start distance (ns)

5,000,000

4,000,000 4

3.000,000 A

2,000,000 +

1,000,000

0

KERNEL LAUNCH TO GPU EXECUTION START

£ Timeline View

+409.77ms +409.775ms +409.78ms. +409.785ms

v Processes (16)
v [37259] python
¥ Threads (3)
v [38137] python
CUDA API
¥ [37259] python

+409.7

9ms +409.795ms +409.8ms +409.805ms

elementwise kernel
|

+409.81ms +409.815ms +409.82m

NVTX

CUDA API

Profiler overhead
¥ [38490] python

CUDA API

~ CUDA (Tesla V100-SXM "t J

v 75.1% Default stream
¥ 986% Kernels
¥ 24.3% adam_cuda_k
» 12.0% volta_fp16_s€
» 11.8% elementw ¥
» 103% volta_fp16_st )
» 6.3% volta_fp16_s8¢
33 kernel grou ==
> 1.4% Memory

s +409.825ms

+409.83ms + PERREREGYATE 415

$409.855ms +40!

> On GPU 392, after kernel
~100, CPU falls behind
(kernels launched
immediately after being

A 4

NVTX

» 16.7% Stream 33

= min_rank=180
— max_rank=392

I - .
w =

I | |
. =

scheduled)

> Allows for gaps to build in
GPU timeline.

fementwise_kernel |

p— ] — —_— —_— —

elementwise_kernel

elementwise_kernel

Begins: 2.40984s

Ends: 2.40986s (+20.640 ps)

grid: <<<6144,1,1>>>

block <<<512, 1, 1>>>

Launch Type: Regular

Static Shared Memory: 0 bytes
Dynamic Shared Memory: 0 bytes
Registers Per Thread: 32

R SOty S A e O

Conclusion: When the time between
kernel launch and kernel start gets close to 0,
the kernel becomes prone to launch overhead.

VAP AV A i\ W, ""M AR A MY AWE LT

0

200

400

600 800

Training step kernel ID
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-

~—

'.j

mulative change vs average (ns

TIME TO KERNEL END VS. AVERAGE TIME TO KERNEL END

X-Axis represents index into kernels
executed on behalf of step

Y-Axis represents time divergence vs.
average time to arrive at specific kernel end

For example: it took ~2.25ms longer
than the average to arrive at the end
of kernel ~560 on GPU 392.

Multiple GPUs start to diverge from average

]| =t | . GPU 392 is not the worst starting out
6,000,000 4 =—max_rank=392 .
4,000,000 -
2,000,000 ;
1 N
0 ———
d jJ S - w—
-2,000,000 - | : , : , ; . , : ; T , ; ; : , ; —
0 200 400 600 800

Training step kernel ID

NVIDIA.




5,000,000 -

4,000,000-:

2,000,000 -

1,000,000 -

Kernel launch-to-start distance (ns)

0

3.000.000 '

— min_rank=180
- max_rank=392

Conclusion: Circle back to Nsight System’s GUI to debug CPU overheads

S N\ AN\ A

0

600,000 -
400,000

200,000

— min_rank=180
== max_rank=392

0

-200,000 -

Kernel gap vs avyg kernel gap (ns)

-400,000

200

400

Training step kernel ID

600

6,000,000 4
4,000,000 4

2.000,000 -

= min_rank=180
- max_rank=392

200

400
Training step kernel ID

?

Cummulative change vs average (ns)

-2 000,000

0

200

4(I)0
Training step kernel ID

800

<ANVIDIA.



EXTEND ANALYSIS TO SUMMARIZE IMPORTANT DATA

Extract relevant data from each step to show full profiling run behavior

Min Rank

Min Rank

Min rank

Max Rank

v
®

§ 7 ) S R S B R RN RN R TR S TER G S R |

Lo o p] o

= e

Junoo

-
Seas

¥

rank: 180
n032
=M=

device

Sang

o Omomamyml_‘cooaw
- 67702da1s _Lyooda
- gv0zda)s L yooda
- /p0zdais_Lyoods
- 9¥0zdais_Lyoods
- Gy0zdals_Lyooda
- #¥0zdals_|yoods
- e¥0zdais_|yooda
- Z20gda)s_Lyoods
- | ¥0zdals_|Lyoods
- 0v0zdals_ Lyooda
- 6£02da)s_Lyoods
- gc0zdels_|yoods
- /€02dais_Lyooda
- 9¢0zdas_Lyooda
- Geogdels_Lyooda
- ¥£0¢dals_Lyoods
- ££0¢da)s_Lyooda
- 2£0zdais_Lyooda
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DEBUGGING ISSUES



PROFILER-GUIDED DEBUGGING

Too much Synchronization
- CPU ¥ Threads (15) y
T

OS runtime libraries ()

> Thread Synchronization -

CUDA API (cu...|
. CuBLAS ‘ -Glﬁo cudaDeviceSynchronize ! l
> Algorithm bottlenecks starve the GPU(s) R CUDA rantime AP cll

Begins: 3.17987s
o ] i Ends: 3.17987s (+7.960 ps)
v ¢ Return value: 0

OS runtime libraries / Correlation ID: 286609 bnd_wait

- Single GPU CUDA API

CcuBLAS

> Memory Operations - blocking, seri al’ s (@) [ Sl Tt | Sifead cond Amedwalt
CUDA API
Unnecessar 12 threads hidder =<
y > CUDA (Tesla V100-SXM: - ( S- R—
e S g
> Too much synchronization - device, o
context, stream, default stream, implicit - Tvesas (15 synchronization Removed
Y V] [S4354] PYTNON v @ ——
OS runtime libraries pthread_con...| 0

> CPU GPU Overlap - avoid excessive ™=
communication A = =

Profiler overhead

~ Multi GPU

OS runtime libraries pthread_cond_wait
CUDA API

>  Communication between GPUs Al -

v [V [56496] python ~

OS runtime libraries :I l:l \:! |£| rrrrr g | pthread_cond_timedwait | [ pthread_cond_timedwait

> Lack of Stream Overlap in memory L -
management, kel’nel execution : cumamwmo-sxm:% ywyyy SEEmImLY
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100G
NIC

IMPROVING CPU LAUNCH OVERHEADS

Use NUMA-aware CPU affinity

Use CPU cores that are directly attached

100G
NIC

100G
NIC

100G
NIC

DGX2 Topology

V100!
—LPCIE 100G
j SW NIC
V100}
E
V100!
J‘ 5W| NIC
T T V100
= = | [PCIE] apI [T,
A HeapEiek
i > > V100[
PCIE| | = Z | [PciE 100G
SW —L J_ SW NIC
HV100 V1007
PCIE fPCIE
SW SW
HV100 V100 —L
PCIEJ_ PCIE 100G
SW l f SW NIC
"'v100 V100||

Use framework features

O PYTOI"Ch Ger Started Ecosystem Mobile Blog Tutorials Docs Resources Github

- Tutorials » Custom C++ and CUDA Extensions [22]

CUSTOM C++ AND CUDA EXTENSIONS

Q Search Tutorials

Getting started For example, your code may need to be really fast
e sounc | because it is called very frequently in your model or is ion
roeee | very expensive even for few calls.
—LHJCI'E‘('iI S mmEE e - The easiest way of integrating such a custom operation in PyTorch is to write it in Python by extending Function and Module §s
outlined here. This gives you the full power of automatic differentiation (spares you from writing derivative functions) as well :&

the usual expressiveness of Python. However, there may be times when your operation is better implemented in C++. For example,
Image your code may need to be really fast because it is called very frequently in your model or is very expensive even for few calls.

https://pytorch.org/tutorials/advanced/cpp extension.html
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OTHER COMMON ISSUES TO WATCH OUT FOR (I)

Input pipeline stalls: batches fail to arrive on-time at
the beginning of step

Common in CNNs (sometimes perform extensive pre- T el e —
processing e.g. image decode, augmentation) GPUO ! e |
Manifest as large pre-step gaps in timeline/ analysis plots : :
Some remedies: L e e —
GPU1 | —————— |

NVIDIA Data Loading Library (DALI): : R — :
https://developer.nvidia.com/DALI ) Step |

Spawn multiple CPU processes for data-loading IO

Use pinned (page-locked) memory
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OTHER COMMON ISSUES TO WATCH OUT FOR (II)

Workload imbalance issues: variables-sized inputs lead to unexpected execution

Examples:

Failure to pad batch dimensions to multiples of 8 to target Tensor cores
(https://devblogs.nvidia.com/programming-tensor-cores-cuda-9/)

Images used in CNN training are not a constant size

Debug procedure:
Annotate each step’s NVTX range with batch size information and collect profiles

Use data-analytics to pinpoint steps that exhibit abnormally large forward & backward propagation times
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NVIDIA Nsight Systems

CONCLUSION

NVIDIA® Nsight™ Systems is a system-wide performance analysis tool designed to visualize an application’s algorithms, help you identify the largest opportunities to
optimize, and tune to scale efficiently across any quantity or size of CPUs and GPUs; from large server to our smallest SoC.

——— — ' D
———. 1 T
| — — o~ — o Gond,_ve vesd = d el pvaain ——

Lo - — — =} T :
' ——— e —
L. — - ! -
- O e—

Download Now

developer.nvidia.com/nsight-systems

> Nsight Systems + Python
=» performance debug of
Data Center scaled
workloads

> Multi-node, multi-GPU
workloads can be distilled
into a traditional
optimization effort

Nsight Systems Exposes
Many Common Causes of

Jitter
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