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INTRODUCTION TO
NSIGHT SYSTEMS



HOW TO SPEED-UP NETWORK

» Use the latest GPU and more GPU?

> Wait NVIDIA to release the new GPU or newer library?

» Optimize Neural Network Computing or Something

> Need to understand your network operation

We are talking about this



PROFILING NEURAL NETWORK

Profiling with cProfiler + Snakeviz

Soumith Chintala @ m o
@soumithchintala
Replying to @sleepinyourhat @PyTorch

I've found this helpful when profiling pytorch
code: jiffyclub.github.io/snakeviz/

It takes cProfile outputs and gives much nicer
viz

T7:01 AM - 27 May 2017

- ’ 9 :.i z @ z . . ” _ l I
e - ‘ I
46.1s

$python -m cProfile -o 100_percent_gpu_utilization.prof train.py
$snakeviz 100_percent_gpu_utilization.prof

5 <A NVIDIA.

https://sagivtech.com/2017/09/19/optimizing-pytorch-training-code/



mailto:Model Summary shows concise information on Tensor core usage

TENSORFLOW PROFILER

https://github.com/tensorflow/profiler-ui

> Show timeline and can trace network

> Still difficult to understand

< Profiler Timeline PPROF Python Operation Name Scope

Pick a preset...

10000

Hide:
Show: *
Start: *
Trim

CONFIGURE

|2

[ View Options [

?

S8 0
Jas 5 .

. | (- .
m usage on:/job:worker/replica: (pid 14)

L nory Series:

s 3m usage -’(pld 15)

{ﬂnory Series:

44| 2m usage id pu2 (pid16)
..... nory Series: 0 e

|

v mem usage on: i (pid 17)
Memory Series:

v Op execution threads: /job:worker/replica: 1/task:0/device:gpu

v Op execution threads:

¥ Op execution threads: fjob:workerireplica:/task:0/de\iik: SN

v Op execution threads: /job:worker/replica:
0

> Op scheduling threads: /job:ps/replica:Onaski

souan Siels 9zig a4

q owels

Aousie 1ndu| T

v

1item selected. | Counter Sample (1)

~ Counter Series Time Value
Memory Series job:worker/replica: 1ask-0/device:gpu:0 1115.68203125 7364260006

6
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https://github.com/tensorflow/profiler-ui

NVIDIA PROFILING TOOLS

\

Nsight Systems

Nsight Compute Q

J

7

\.

Nsight Visual Studio Edition

Nsight Eclipse Edition @

J

7

\.

NVIDIA Profiler (nvprof)

NVIDIA Visual Profiler (nvvp

3
b N\ \ R

J

CUPTI (CUDA Profiling Tools Interface)




NSIGHT PRODUCT FAMILY

Standalone Performance Tools Workflow
system-wide application algorithm tuning ’\
Debug/optimize specific CUDA kernel /\ "
Debug/optimize specific graphics

IDE plugins @

editor, debugger, some perf analysis

8

NVIDIA.



&) NSIGHT SYSTEMS

Profile application
Multi-process tree, GPU workload trace, etc
Investigate your workload across multiple CPUs and GPUs
CPU algorithms, utilization, and thread states
GPU streams kernels, memory transfers, etc
NVTX, CUDA & Library API, etc
Ready for Big Data

docker, user privilege (linux), cli, etc

Profile
Application

Nsight Systems

Optimize
Inspect &
Analyze

9 NVIDIA.



& NVIDIA System Profiler 4.0
File View Help

[ select device for profing... - B R vorenf..
Project2 ]  DGXV8-m-4GPU.qdrep -]  trace_DGX1_TF_synthetic ResNetS0-nith-trace-backtraces.qdrep (]  trace_DGX1_TF_synthetic f ith- back ll-sy .qdrep [[]  trace_DGX1V_C2_synthetic_ResNet50-with-trace-backtraces.qdrep (£
£ Timeline View -
5s +200ms +250ms +300ms

+900ms
v v Liosg pyun - a"

System
CUDA API

A m— | Thread/core
o ' migration

Profiler overhead

v [ [178] python +

... 0LC00I0L0

System

Processes and

cuDNN
cuBLAS

e Al M delh 0hs, ., JLLICD oo JONOCTY L
ik 10 0. O MRER) 8. . M JI:H L. I lhl Il.
] 2

PRty

Profiler overhead

v [ [155] pytho

luhllullj—ll_..j Ul &

SHILBW . D5 LI, . WD IO 8 5 00 . DL B IS L, ). 8] 000
lxlllulllll illllil muuw lﬂll 4.0 AL 18 5]

3 all

System

o CUDA and OpenGL =

cuBLAS

Profiler overhead
il API| trace 1]

sytem — ). MCEe DR EANNCD, 400, CULLLDOL AL o L), 43 .l JURLE

CUDA API
cuDNN
cuBLAS

- cuDNN and AN R uummnu.,l,,m I_iJll

System |3 (L] . n,m xx.l]ll l.n.

cubasei cuBLAS trace 0 ¢ ﬂ' TN .u.ul-w uumu..x.m ,iluaasllmhlumuaul i i.“' » -u tp..D

0L . 0L Q.10 IO LI . Q)
R 4 M. u-u Jnllﬁlx l.ltl i. »mn Mi o u--uu 1@ 1 . .‘5cEe e

' hoounade - d SN S 1 il o . i w5l

cuDNN
cuBLAS

i) ¥

33 threads hidden...
v CUDA (Tesla P100-5XM2-16GB) AR D A S S ———— % SRR IS S ARG, bR -, " -l S R T Bt S ML, TS| (s e L
v Stream 174 mmmxummmmntm-u - -.-u—..&--u.n“- - —--. -- maEmlL man = —.- -- - -u - _ a -—

Kernel and pueset e et ot Tt A o i el

~ Kernels
> maxwell_fp16_scudnn_fp16_128x128_stridedB_splitK_interior_nn
> maxwell_fp16_scudnn_fp16_128x128_relu_interior_nn

> maxwell_fp16_scudnn_fp16_128x128_stridedB_interior_nn memor transfer 111 1 11 1111nn1ni 1 11 11 11 0 ]
¥ Hgrad engine [ y al @0 @0
> cudnn_maxwell_gcgemm_64x64_tn_batched 5 e . 111111 | | [ | | I | | | ]
28 kemel group(s) hidden... act'l V'I t'l eS
~ Stream 12 e e e e i e e el R alan il ol e 88 waas Gl b badiliin dails el el R e lhd R B B T e I e
Vv Kermnels 1. B0 - - - I [ e | RTINS

> AllReduceKernelSmall v gl wum T " wal T 11 O TIR R T TR R R T | B
> AllReduceKemel 1.1 1 @ 0 el Ko Db v g Gy on DU W e Ty g

1 kernel group(s) hidden..
67 stream(s) hidden...
v CUDA (Tesla P100-SXM2-16GB)
> Stream 173
> Stream 20

66 stream(s) hidden...

Rdd L 4 S48 SRAERAG R4S Rk AL hhh SELAA RS AL

S e i | e e T g

> CUDA (Tesla P100-SXM2-16GB) S ] B E & = L ESE A & g o =

> CUDA (Tesla P100-5XM2-16GB) TR L £ N = & g e o e mED,
> CUDA (Tesla P100-5XM2-16GB) A & B 3 = 3 3 T S & = i —
> CUDA (Tesla P100-5XM2-16GB) 1 S = e e = S = r = = =

> CUDA (Tesla P100-SXM2-16GB) SR, . W SLNLR 0 e 5 s S R, = e T - = e
> CUDA (Tesla P100-SXM2-16GB) A L . S N L L W M bl sk




1 — II-
| |||
i
A p—
-
A —
“I B

-

-

CPU (BO)
Threads (78)

| [1221683] Caffe2f -

NVTX
CUDA A

V| [122158€] Caffe2F ~

NVTX
CUDA API

| [1221589] Caffe2f -

NVTX
CUDA API

| [1221687] Caffe2F -

V| [1221582] Caffe2F ~

73 threads hidden...
CUDA (Tesla V100-SXM2
CUDA (Tesla V100-5Xx

§
N -
N -

WeightedSum

-I-F

MNeight... (ConvGradient [1... |
|_||W_| || || [ cudaEventSynchronize

i e

___y

T 7T - F 1 "1
T r T

B CUDA Kernel running
Time: 0.666129s

11 NVIDIA.



TRANSITIONING TO PROFILE A KERNEL

Rottom-LIn View ~

v [1221585] Caffe2f -

NVTX
CUDA API

v [1221589) Caffe2F -

NVTX
CUDA API

v [1221587] Caffe2F -

v [1221582] Caffe2f -

73 threads hidden
CUDA (Tesla V100-SXM2
CUDA (Tesla V100-SXM:

Stream 266

~ Kernels

~ wgrad_alg0_engine
void cudnn::detail::
void cudnn::detail::
void cudnn::detail

»  volta_scudnn_128x6.

»  volta_scudnn_128x6.

» dgrad_engine

Pracess 12185311 nvthan? 7 (5 of 78 threade)

Dive into kernel analysis

1
EDPEEE) ()= 070 cudaEventSynchronize )
| R q ]! i
= L 8§ | T =Em @3

-
-~
.
-
a

| wgrad_alg0_engine | |volta_scudnn_128x12...|

volta_scudnn_128x128_stridedB_interior_nn_v1
Begins: 0.666268s

Ends: 0.666416s (+147.616 us)

grid: <<<392, 2, 1>>>

block: <<<256, 1, 1>>>

\ Launch Type: Regular

Static Shared Memory: 32,768 bytes
Dinamic Shared Memory: 0 bytes
Registers Per Thread: 128

Local Memory Per Thread: 0 bytes
Local Memory Total: 207,093,760 bytes
Theoretical occupancy: 25 %

Launched from thread: 1221585
Latency: €344.757 us

Correlation ID: 11285084

wgrad_alg0_engine |

wgrad_alg0_engine

<A NVIDIA.



NVIDIA NSIGHT COMPUTE

Next Generation Kernel Profiler

Interactive CUDA API debugging and kernel profiling
Fast Data Collection
Graphical and multiple kernel comparison reports

Improved Workflow and Fully Customizable
(Baselining, Programmable Ul/Rules)

Command Line, Standalone, IDE Integration

Platform Support
> 0S: Linux(x86,ARM), Windows, OSX (host only)

> GPUs: Pascal, Volta, Turing

Kernel Profile Comparisons with Baseline

~ GPU Speed Of Light
SOL SM [%]
SOL TEX [¥]
soL L2 [%]
soL FB [%]

SM [%] I

I
Memory [%]

0.0 10.0

8.74 (-30.00%)
8.74 (-2.82%)
8.5 (-99.35%)
@.09 (-99.76%)

GPU Ut

50.¢

Speed Of L

I
Metric Data

inst_executed [inst]
| sol_pct [%]

laus :h _block_si
launch__function_pcs
launch__grid_si
launch__occupancy_limit_blocks [block]
launch__occupancy_limit_registers [register]
launch__occupancy_limit_shared_mem [bytes]
launch__occupancy _limit_warps [warps]
launch__occupancy_per_block_size
launch__occupancy_per_register_count
launch__occupancy_per_shared_mem_size
launch__registers_per_thread [register /thread]
launch__shared_mem_config_size [bytes]

launch shardmem_perblod(dynwc[hytesjﬂdt]
launch__shared_mem_per_block_static [bytes/block]
launch__thread_count [thread]
launch__waves_per_multiprocessor

Itc__sol_pct [%]

memory_access_size

tva[vaE]

Source Correlation

@!PT SHFL.IDX PT, RZ, RZ, RZ, RIj
MOV R1, c[exe][exzsj
S2R R@, SR_CTAID.X;
S2R R2, SR_TID.X;

IMAD Re, Re, c[exe][exe], R2;

ISETP.GE.AND P@, PT, RO,
@Pe EXIT;

MOV R2, RO;

@!PT SHFL.IDX PT, RZ, RZ, RZI, RI;
MOV R4, @x4;
IMAD.WIDE R4, R2,
LDG.E.SYS R3, [R4];
BSSY Be, exbeesze7se;

SHF.R.S32.HI Re, Rz, @xif, R2;

c[exe][ex17e]

R4, c[exe][ex16e];

-]

BW WA WNWNNWWN R

16,528.00; 16,528.80;
14.33

128.00
47,611,587,968.00
4,132.00

32.00

21.00

384.00

16.00

3,638.00

5,792.00

2,260.00

17.00

45,152.00

0.00

20.00

528,896.00

3.23

13,476.80; 13,476.80; _

n/a

128.e0
12,273,728.00
3,369.80
32.e0

21.e0
384.89
16.8@

3,638.20
5,792.20
2,260.80
17.e0
49,152.80
8.e9

20.20
431,232.00

2.00; 32.00; 32.80; 32_ 2.00; 32.00; 32.00; 32_

223
13
143
e
599
125
259
386

D O O @ @ @

Source Live Registers Sampling Data (All) Sampling Data (No Issue)



PROFILING GPU APPLICATION

Focusing GPU Computing

How to measure

Low GPU
Utilization
GPU Profiling

CPU/GPU Low SM Low Achieved Memory Instructions
Tracing Efficiency Occupancy Bottleneck Bottleneck
. . * Too few threads » Cache misses » Arithmetic
Applicgtion * Register limit » Bandwidth limit » Control flow
Tracing

» Large shared

* Access pattern
memory

J
v
NVIDIA (Visual) Profiler / Nsight Compute

NVIDIA Supports them with cuDNN, cuBLAS, and so on

14 <A NVIDIA.



PROFILING GPU APPLICATION

Focusing System Operation

How to measure Low GEU
Utlllzatlon

GPU Profiling ‘

Low SM Low Achieved Memory Instructions
Efficiency Occupancy Bottleneck Bottleneck

CPU-Only Memcopy Kernel Launch
Activities Latency Latency

Job Startup / CPU Q
Checkpoints Computation

Nsight System / Application Tracing

15 <A NVIDIA.



HOW TO USE



NSIGHT SYSTEMS PROFILE

APlIs to be traced

N
4 A

$ nsys profile —t cuda,osrt,nvtx,cudnn,cublas \
—0 baseline.qdstrm —w true python main.py
\ / N J
Y H/‘J Y
Name of Show output  Application
output file on console command

Automatic conversion of .gdstrm temp results file to .qdrep format if converter utility is available.

cuda - GPU kernel

osrt - OS runtime

nvtx - NVIDIA Tools Extension
cudnn - CUDA Deep NN library
cublas - CUDA BLAS library

17 NVIDIA.


https://docs.nvidia.com/nsight-systems/#nsight_systems/2019.3.6-x86/06-cli-profiling.htm

NSIGHT SYSTEMS PROFILE

No NVTX

CR SR PELICTEE 8 bert-fpl16.gdrep 8 | bert-fp32-nvix.qdrep ¥ | bert-fp16-nvtx.qdrep ¥ |

| = Timeline View - | po) '—T':I €3 1 error, 1 warnings, 17 messages
EQIBS . 5‘?3 . IEOIZS . 5‘0;48 . 60.65 . GOIBS . 5‘!3 . =

~ CUDA (Tesla V100-DGXS-16GB, 0000:07:00.0) il T ——————an e ——

~ 94% Default stream (7) " _ S — ... S _ ——

~ 98% Kernels -~ R 111 1111 e

F 19% elementwise_kernel

+ 13% volta_sgemm_128x32_tn dlldLLLLLLL] SLLLLLLLLEEL] bl
¥ 12% volta_sgemm_128x32_nn Lo aaddd b wsada FTFFFFRRRTY A [FRETYYF
* 8% volta_sgemm_128x64_nt Luwmhbblunnk Lunsbbbbbunn bhluns
* 6% volta_sgemm_32x128_nt Jddd raadaddles dud L wmaaddd s ool Lk
26 kernel groups hidden... L =] T P o T P ¥ oo o O P T ST S A TR T
b 1% Memory — —_ [ o - — _——
+ 5% Stream 306 e = — = — =
1 stream hidden... - - - -

» Difficult to understand = no useful

18 <A NVIDIA.




NVEX (NVIDIA TOOLS EXTENSION)



NVTX ANNOTATIONS

def train(args, model, device, train_loader, optimizer, epoch):
model.train()
for batch_idx, (data, target) in enumerate(train_loader):

data, target = data.to(device), target.to(device)

optimizer.zero _grad()
output = model(data)
loss = F.nll loss(output, target)

20 NVIDIA.


https://pytorch.org/docs/stable/_modules/torch/cuda/nvtx.html

NVTX ANNOTATIONS

import torch.cuda.nvtx as nvtx
def train(args, model, device, train_loader, optimizer, epoch):
model.train()
for batch_idx, (data, target) in enumerate(train_loader): Batch %d
nvtx.range push("Batch " + str(batch_idx)) -
nvtx.range push("Copy to device")
data, target = data.to(device), target.to(device) ] copy to device

nvtx.range_pop()

nvtx.range push("Forward pass")
optimizer.zero _grad()

output = model(data) Forward pass
loss = F.nll loss(output, target)

nvtx.range_pop() -
nvtx.range_ pop()

21 NVIDIA.


https://pytorch.org/docs/stable/_modules/torch/cuda/nvtx.html

NVTX ANNOTATIONS

from cupy.cuda import nvtx
def train(args, model, device, train_loader, optimizer, epoch):
model.train()
for batch_idx, (data, target) in enumerate(train_loader): Batch %d
nvtx.RangePush("Batch " + str(batch_idx)) -
nvtx.RangePush("Copy to device")
data, target = data.to(device), target.to(device) ] copy to device

nvtx.RangePop()

nvtx.RangePush("Forward pass")
optimizer.zero _grad()

output = model(data) Forward pass
loss = F.nll loss(output, target)

nvtx.RangePop() _
nvtx.RangePop()

22 NVIDIA.


https://docs-cupy.chainer.org/en/stable/

NSIGHT SYSTEM PROFILE

NVTX for data loading (data augmetnation)

for batch_idx, (data,target) in enumerate(train_loader):

nvtx.range_push('Data loading")

(data,target) = train_loader.next()
nvtx.range pop()

IIIIIII



BASELINE PROFILE

> MNIST Training: 89 sec, <5% utilization

> CPU waits on a semaphore and starves the GPU'

8s 4+70ms +72ms ‘ +76ms +78ms
v ¥/ [1172] python - - . .
L 1]

_' —]
pthr... sem_timedwait ipthr...] sem_timedwait \pthr...|
0S runtime librarie = 3 - . . |
CUDA API l | ]
ll ol i L e [.i 2 Bl R
CUDA (Tesla V100-SXM3 s gm0 257 : p g e e L = Lot .
| 0 ) | q ]

GPU Starvation GPU Starvation 4 @i



BASELINE PROFILE (WITH NVTX)
-

v V| [1497] python ~

sem_timedwait pthre... sem_timedwait pthre...

fwd/bwd fwd/bwd
Epoch 1 [11.584 s]
Train [10.339 s]

0OS runtime librarie

NVTX ([Default]) -—
. Data loading [5.124 ms] [Batch 50 [3.230 .. | Data loading [4.434 ms]

For... Backward...

CUDA API

dil SO | W bkodd

CUDA (Tesla V100-SXM3 & ' p= ' . : . -

\
GPU is idle during l_’

Data is loaded using a single thread. This starves the GPU! 5 @mvion



OPTIMIZE SOURCE CODE

Data loader was configured to use 1 worker thread

kwargs = {'num workers': 1, 'pin_memory' True if use_cuda else {}

*

Let’s switch to using 8 worker threads:

kwargs = {'num workers’: 8, 'pin _memory' True if use_cuda else {}

26 NVIDIA.



AFTER OPTIMIZATION

Time for data loading reduced for each bath

- )
102.10mMsS

8s +162.1ms +162.12ms +162.14ms +162.18ms +162.2ms +162.22ms F162.24ms F162.26ms F162.28ms +162.3ms +162.32ms 162.34ms +162.38ms
4 [V] [291] python ~ _ - . _
— 2

OS runtime librarie

Epoch 1 [8.044 s]
Train [7.033 s]

NVTX ([Default])
Data loading [59.544 ps] Batch 50 [3.877 ms]

Copy to device [130.645 ps] Forward pass [1.815 ms]

cuD Aet cud...| cudaStreams... B €

Reduced from 5.1ms to 60us for batch 50 7 @won



PEEP LEARNING OPTIMIZATION



OPTIMIZATION STRATEGY FOR DL

» Algorithm optimization » Data pipeline optimization
> Tensor Cores > DALI (Data loading Library)

> Training: Automatic Mixed Precision

> Inference: TensorRT

Framework Pre-processing — With DALI

Augment

Labels

Loader 2 Training
FP16 or FP32 FP16 FP16 or FP32
> Available in and architecture GPUs
» 125 Tflops in FP16 vs. 15.7 Tflops in FP32 (2x speed-up)
> Optimized dot operation (GEMM)

29 “ANVIDIA.



o RAINING OPTIMIZATION CASE



NVTX TAGGING

loss = model(input_ids, segment_ids, input_mask, start_positions, end_positions)

if args.fplé6:
optimizer.backward(loss)
else:
loss.backward()
if (step + 1) % args.gradient_accumulation_steps == 0:
if args.fpl6:
# modify Llearning rate with special warm up BERT uses
# 1f args.fpl6 is False, BertAdam is used and handles this automatically
lr _this step = args.learning_rate * warmup_linear.get 1lr(global step, args.warmup_proportion)
for param_group in optimizer.param_groups:
param_group[ ‘1r'] = 1lr_this_step
optimizer.step()
optimizer.zero _grad()
global step += I

NVIDIA.




NVTX TAGGING

.range_push("Batch " + str(step))
.range_push("Forward pass")

= model(input_ids, segment_ids, input_mask, start_positions, end positions) forvvarc1|3ass

.range_pop()

nvtx.range_push("Backward pass")
if args.fpl6:
optimizer.backward(loss)
else:
loss.backward()
if (step + 1) % args.gradient_accumulation_steps == 0:
if args.fpl6:
# modify Llearning rate with special warm up BERT uses
# 1f args.fpl6é is False, BertAdam is used and handles this automatically
lr_this_step = args.learning _rate * warmup_linear.get_1lr(global step, args
for param_group in optimizer.param_groups:
param_group[ ‘1r'] = 1lr_this_step
optimizer.step()
optimizer.zero_grad()
global step += 1
nvtx.range_pop()
nvtx.range_pop()

.wermup_proportion)

Batch %d

NVIDIA.




ALGORITHM OPTIMIZATION - TRAINING

Single Precision (FP32) Training for BERT

% bert-fpt6qdrep % TR IrRui L B bert-fp16-nvtx.qdrep %
Getting API List

= Pul 7 &3 1 error, 23 warnings, 19 messages
67.3s 6745 6755 67.6s 67.7s 67.8s 679s 68s 68.1s 68.2s 68.3s [~
esla V100-DGXS-16GB, 0000:07:00.0) e e o e e = A——

~ 94% Default stream (7) B T W

1 98% Kernels B4 14414404440 PRPRTND1144114004444144440 PO VR 14

* 19% elementwise_kernel ittt bl la oo lalalalalalals | P FTTTRTTPTTFTTTTTOTE RN U 10 1 o R S ) I TR,
» 13% volta_sgemm 128x32_tn bl aklal ool s/l

+ 12% volta_sgemm_128x32_nn NA AR RN NN lddddad ssnads |l
+ B% volta_sgemm_128x64_nt . e an

+ 6% volta_sgemm_32x128_nt R [ [ o T | R I g b

26 nel groups hidden... = A 0 e e e e L . PPRPT UL PIT POT TN S S SR S S T SOT T T o - TP TPTIPTIPT IR
emory e e . e

~60% GEMM n 306 - — =
hidden... —e - - Y

https://github.com/NVIDIA/apex 4 V100 GPUs w/ NVLINK, Batch size: 32, max_seq_length: 512 33

“ANVIDIA.


https://github.com/NVIDIA/apex

ALGORITHM OPTIMIZATION - TRAINING

Automatic Mixed Precision (FP32 + FP16) Training for BERT
« 2.1x Speed up (~460ms vs. ~222ms)

bert-fp32.qdrep ‘bert-fp18.qdrep x® |bert—fp32-r|vbt.q|:|rep t 3 bert-fp16-nvix.qdrep %%
£ Timeline View v

Huwlt &3 1 error, 23 warnings, 19 messages
67s +450ms +500ms +560ms +600ms +650ms +700ms +760ms +800ms +850ms +900ms +950ms |*
T T T T ST P T T T T T T S TP P A TR T T T S T ST R
~ CUDA (Tesla V100-DGXS-16GB) - Aidedinam, dbl bee e liebeds, . ot E S Ao tebi bbbl bbbl ] . R ey L pee A il

~ 91% Default stream (7)
1 98% Kernels

sl ki NONINNGE B o NGRS b L
» 24% elementwise_kernel

PP [T RYRTRTRTR QN NNV AR IT9 11 WA 1Y 1| 8

—— Lottt bl e o lebid Nl o LR e et .

[E— f— R aa

L \; I;.

UTITT U TP 1YY TS N Y P e v 1 | P sealalal
+ 10% volta_fp16_s884gemm_fp16_128x128_Idg8_f2f_nn ot b L ) e as et malated e
* 8% kernelPointwiseApply2 T S I AU PP . e o lalalees leddl L.
v 7% volta_fp16_sB884gemm_fp16_256x128 _|dg8_f2f_nt nelddanbldde cnads. wamblddae
+ 7% volta_fp16_sB884gemm_fp16_128x128_ldg8_f2f_tn

[oers [Py P ) - | P N TN T [ T T P T cdadilale
25 kgrnel groups hidden... - Ln Litbbbtl Gl et naadd sl LR PR BEREI AR R W PP T | L& Lot
/%mry e . e .
Tensor Cores rd pass [105.718 ms| rd pass [11 ]

m 306
APls hidden...

volta_fp16_s884gemm indicates for using the tensor cores.

https://github.com/NVIDIA/apex
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Timeline View - | Foa : &3 1 error, 23 warni 19 messages
= 687 88s  6B9s 69s . B91s @928 693s  B34s  695s 69.8s
~ CUDA (Tesla V100-DGXS-16GB, 0000:07:00.0) [T DR e T BRI — 4?
~ 94% Default stream (7) (PO B B —— [ T
» 98% Kernels e _ AIEIDEIArTINICEILmOmIAn W _ JUDDEADCDOCINCRUCOURDODCDOCNE: . oo - M
. . b 1% Memory - . — S S——
ADAM optimizer - T 11 .. N ) .1 M—
Low Utilization sackwerd p. ) (Forward pess 1128, ] Backwardpess [396650mal ) (Forwand pess 1126 .. Eachward pess [349439 mal ] (Forw..
~ 5% Stream 306 - B W" B -
~ 100% Kernels b f— 1" [ I
~ 69% ncclReduceRinglLLKernel_sum_{32 - [——
100% ncclReduceRingLLKernel 321 IColl 1 3 2 mS
g _sum_f32(ncclColl) D Tkt
~ 30% ncclBroadcastRingLLKernel_copy_i8 h h h
100% ncclBroadcastRingLLKernel_copy_i8(ncclColl) he h -

£ Timeline View - Pul——mmx & 1 error, 23 warnings, 19 messages
2 e e T v e O e A0 Cre e
~ CUDA (Tesla V100-DGXS-16GB) AR e e} ome Al _ e ] e e %
~ 91% Default stream (7) 1R susbadhablin b GSUSSSSS & selalbblbleds SOSSSSS—T S Lol |
. oy e . 13 — —_— e — — — —— —— —_—
High utilization N (— L — — )L w—
il A (U ) (LRI CEENEE
~ 8% Stream 306 I e e - e o
~ 100% Kernels e . | S [ ™% | A— ™
~ 71% ncclReduceRingLLKernel_sum_f16 I [P
100% ncclReduceRingLLKernel_sum_f16(ncclColl) —— P &'—_5 mS

ALGORITHM OPTIMIZATION - TRAINING

APEX ADAM Optimizer Optimization

bert-fp32.qdrep % |bﬂrt-fp18.qdr|p ® LS UEPS R EICIE N bert-fp16-nvix.qdrep %

bert-fp32.qdrep %  bert-fpl6.qdrep X | bert-fp32-nvtx.qdrep %

https://github.com/NVIDIA/apex
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INFERENCE OPTIMIZATION CASE



ALGORITHM OPTIMIZATION - INFERENCE

TensorFlow Single Precision (FP32) vs. half Precision (FP16)
o 2.4x Speed up (~27.0ms vs. ~11.0ms) |

‘ = Timeline View - ‘ &~ 1x ; &3 1 error. 192 warnings, 71

. ' '
T2s +850ms +860ms +870ms +830ms +890ms +900ms m +910ms
L L L L L L L L L L L

~ Processes (21)
~ [4106] main.py
v Threads (338)
~ CUDA (Tesla V100-DGX5-16GE, 0000:07:00.0) I T = o R

725 B78.617ms +27.082 ms

~ 70% Stream 78

. . . hd >99‘X;K€fﬂe|5 T —————— “”"__: : 0 "“”__: : T
Single Precision (FP32) 2o vota s 28064 e, | MLND10 | NIDITIO IOMAAME 1 B JRINII0 DHIIIIS SmEER] 11 ey

T — BiL RRE L LTl LEEL |

+ 5% implicit_convelve_sgemm \
188 kernel groups hidden - R AREEE Bl B ocndotnac e B JRR S ARk ERuloler (AIFPSIRTPIA T N[ N7 T F T WISrRy | P
b <1% Memory B e osam nosaam o aas < W Ao o @ \eoRamaememe o oa aosaasoo
27.0ms
£ Timeline View - - 1x ';':I & 1 error, 200w

T8s +300ms +310ms +320ms +330ms +340ms @mﬂﬂms
L L L L L L L L x L L

Tensor Cores
APls

=~ Processes (22)

+ [2643] main.py ?'!85 335.206ms +11.055 ms
b Threads (336) .

* CUDA (Tesla V100-DGXS-16GE, 0000:07:00.0) i, _ — kel — DR — S, “ SR — S
~ 73% Stream 78 N R AR L JEN MEERARARNE, _ .
22 ~ >09% Kernels “
Half Precision (FP1 6) " 38% volta_fp16_s884cudnn_fp16_128x128_ 1y | i | PP motom kL s sulnbibabsaiin manbibabiie alnmbiboiin
17% volta_fo16_s884cudnn_fp16_128x128_ly | tlonalim totelimm 1 onmil Lininmn [1onnimm
8% volta_fp16_s884cudnn_ip16_256x64_ldc | 1l il 5T T 10
178 kernel groups hidden... -l e LS R PP TRV R Bdab el cssinman . e ns STFTETE L . L e el e et

b <1% Memory ——— e e _1__1_.Oims ______________

224x224, Resnet 50, bathsize 128, V100 16G 1EA in TensorFlow ¥ <o



ALGORITHM OPTIMIZATION - INFERENCE

TensorRT Single Precision (FP32) vs. Half Precision (FP16)
 5.3x Speed up (~6.4ms vs. ~1.2ms)

= Timeline View - Bix LF %3 1 error, 7 warnings, 13 messa¢
18s +620ms +691ms +692ms +693ms +684ms +695ms 0 +697r
= Threads (4) 185 689.759ms +6.646 ms
¥ [7151] triexec
¥ [7160] trtexec
b [7161] triexec
1 thread hidden... =
~ CUDA (Tesla V100-DGXS-16GB, 0000:07:00.0) - -

Single Precision (FP32)  ".%.ou ) ) i ) (i
27% trt_volta_scudnn_128x64 relu_interior_nn_v1 - - - - - -

25% trt_volta_scudnn_winograd_128x128_ldg1_Id; ‘ - - - - - '

3
3
¥ 18% tri_velta_scudnn_128x128_relu_small_nn_v1
3
3

7% trt_volta_scudnn_128x64_relu_small_nn_v1 -

7% trt_volta_scudnn_128x64_relu_medium_nn_vi 6 4 m S -
.

S 1x LF 3 1 error, 7 warnings, 13 messa

= Timeline View -
+894.5ms +895ms

255 +892ms +892.5ms +893ms +893.5ms

= Threads (4)

Tensor Cores o o5 2683 1251
v [7080] trtexec
AP I S 1 thread hidden... = ‘

\
= CUDA (Tesla VV100-DGXS-16G8) p—
* B80% Stream 53 — -
- 85% Kemels ) T ) O 0 0 0 5.0 750 52 5.0 B 0 .0 9 0
H lf P L] FP 1 6 30% trt_volta_h884cudnn_128x128 Idga, (irtvelt) [ET | =) L
a recision ( ) 13% trt_volta_h884cudnn_128x128_ldge, () [E] (o] ) =)
9% trt_volta_hB884cudnn_256x128_ldg8_r - . - . . .
8% trt_volta_h884cudnn_256x128 _|dg8_r 1 ° 2 m S - - - -

6% trt_volta_h884cudnn_256x64 sliced1s

-
|

224x224, Resnet 50, bathsize 128, V100 16G 1EA in trtexec % GnviDiA



DATAPIPELINE OPTIMIZATION CASE



DATA PIPELINE OPTIMIZATION

Naive data augmentation pipeline

B cru

FileReader RandomResizedCrop RandomHorisontalFlip
" GPU

| = Timeline View - | 1 IT €3 2 errors. 7 warnings, 18 message
30s +239ms +239.5ms +240ms +240.5ms +241ms +241.5ms +242ms +242 5ms +243ms -

= Processes (2)
~ [5483] python
= Threads (73)
* [5483] python

(ol || ioctl N [Cioct | inct] I~

0OS runtime libraries

NWTX

RLJLLIL bkl T | |
\

Profiler overhead

~ [5596] python ) 4
05 runtime libraries pthread_cond_wait
CUDA API 3 . 3 mS
71 threads hidden... =msfe

» CUDA (Tesla V100-PCIE-32GE™ -+ -~ T L LS ———

ImageNet, Resnet 50, bathsize 256, V100 32G 1EA in Pytorch 4  <nvioia



DATA PIPELINE OPTIMIZATION

DALI (Data Loading Library)

FileReader JPEGDecoder RandomResizedCrop RandomHorisontalFlip Normalize

2 '—T':I & 2 errors, 12 warnings, 22 message!
+666.44

= Timeline View

18s +665ms +665.2ms +665.4ms +665.6ms +665.8ms +666ms +666.2ms +666.4ms
X : 1 : 1 : L L 1 : x : 1 : 1

* Processes (3)
= [578] python
= Threads (64)
* [578] python

0OS runtime libraries .~ | pthread_cond_timedwait |

NVTX

I

CUDA API

Profiler overhead
» [656] pythen
v [641] pythen O . 7 ms
+ [640] python
» [639] pythen

58 threads hidden... ===
= CUDA (Tesla V100-PCIE-32GE s

b =99% Context 1
b <1% Context 0

-
.‘|
-
8
[

4.7x Speed up (3.3ms vs. ~0.7ms)

ImageNet, Resnet 50, bathsize 256, V100 32G 1EA in Pytorch
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OPTIMIZATION STRATEGY FOR DL

Reminding

» Algorithm optimization » Data pipeline optimization
> Tensor Cores > DALI (Data loading Library)

> Training: Automatic Mixed Precision

> Inference: TensorRT

Images
e
JPEG
Labels ﬂ

FP16 or FP32 FP16 ' FP16 FP16 or FP32 l @ @ @
> Available in and architecture GPUs DALI example pipeline
» 125 Tflops in FP16 vs. 15.7 Tflops in FP32 (2x speed-up)
> Optimized dot operation (GEMM)

42 <A NVIDIA.



GETTING STARTED RESOURCES



LEARN MORE

Nsight System

https://developer.nvidia.com/nsight-systems

Official Documentation (Nsight System developer guide)

https://docs.nvidia.com/nsight-systems/

Nsight System Blog

https://devblogs.nvidia.com/nsight-systems-exposes-gpu-optimization/
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LEARN MORE DURING Al CONFERENCE

17:20 ~ 18:00 Track2

by NVIDIA A Y AF

IIIIIIIII



RELATED SESSIONS

Automatic Mixed Precision (AMP) for training optimization
> 13:00 - 13:40 Track1

» Tensor CoreE 0|23t tla|ul st& 71452 21| oF= i
(Getting more DL Training Acceleration using Tensor Cores and AMP) by NVIDIA SHA{{ 2 1%

TensorRT for inference optimization
> 13:50 ~ 14:30 Track2

> Deep Learning inference 753 2[8H NVIDIAS| 7|= 47l by NVIDIA 0| &2} 1%t
> 14:40 ~ 15:20 Track2

> TensorRTE 0|28k OCR Model Inference 45 % %1%} by KAKAO O3

DALI for data pipeline optimization

> 15:40 ~ 16:20 Track1
> GPUZE ZE79! Image Augmentation 7F=52f 219F - DALI by NVIDIA S 2 AH&

<A NVIDIA.



APPENDIX:
» DEEP LEARNING PROFILER

GTC 2019 s9339-profiling-deep-learning-networks



DEEP LEARNING PROFILER WORKFLOW

PROFILE aanins CORRELATE gyt OUTPUT

INPUT et

!

1

memmne  ANALYZE

5‘""; \@/

ONONO
OO0O

Q00O

J 6

i use NSight Correlate Generate TensorBoard Analyze in
Ggrgﬁgfaetfefill!\e tools to gather profile data event files TensorBoard
TensorFlow kernel and timing with and detailed or other 3

profile data TensorFlow model reports

party tools



\{

\{

\{

ARCHITECUTRE

Nsight Nsight

Automates workflow

Systems Compute
Nsight Systems | :}gﬁed

> Gather timeline information |
> Determines Tensor Core usage from name of kernels

. DNN
N51ght Compute Graph Deep Learning Profiler

> Detailed kernel level profiling
Files

"' Kernel
1| Profile

NVTX
marked

> Determines Tensor Core usage from GPU program counters
Use NVTX markers to correlate kernels with DNN graph nodes
Any number of reports can be generated

> TB event Files, CSV, JSON

> Analyze with tool of your choice

Tensorboard
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DEEP LARNING PROFILER

Example command to profile mobileNet V2 and generate a graphdef

S /usr/bin/python tf_cnn_benchmarks.py --num_gpus=1 --batch_size=8 --model=mobilenet --device=gpu --

gpu_indices=1 --data_name=imagenet --data_dir=/data/train-val-tfrecord-480 --num_batches=1--use_fp16
--fp16_enable_auto_loss_scale --graph_file=/results/mobilenet_graph.pb

Example Deep Learning Profiler command

S dlprof --in_graphdef=/results/mobilenet_graph.pb/usr/bin/python tf_cnn_benchmarks.py --num_gpus=1
--batch_size=8 --model=mobilenet --device=gpu --gpu_indices=1 --data_name=imagenet --
data_dir=/data/train-val-tfrecord-480 --num_batches=1 --use_fp16 --fp16_enable_auto_loss_scale

Launching TensorBoard

S tensorboard --logdir ./event_files

50 NVIDIA.



TENSORBOARD MODIFICATIONS

Start TensorBoard with NVIDIA modifications

GRAPHS GPU SUMMARY INACTIVE

Search nodes. Regexes supported Guidance ~
Fit to Screen
* Mixed precision is the combined use of different ;
i Download PNG numerical precisions in a computational method. The
Color coded Volta and Turing g ion of GPUs introduced Tensor

graph nodes

Cores, which provide significant throughput speedups
over single precision math pipelines. Deep learning
networks can be trained with lower precision for high
throughput, by halving storage requirements and memo
traffic on gradient and activation tensors.

To learn more about Tensor cores and Mixed Precision
training, visit this site: https:/developer.nvidia.com
[tensor_cores

Run(1) . -

Session runs
©)

Upload Choose File ot .

I Trace inputs

Color Q structure
QO Device

Show Tensor
Core
Compatibility

Guidance
panel with links
to learn about
Tensor Cores

XLA Cluster

Compute time

Memory

Tensor Core Compatibility

®)
©)
(®)
®

Using Tensor Cores

Not using Tensor Cores

Incompatible

A Expand legend.
51 <ANVIDIA.



GRAPHS

Search nodes. Regexes supported.

COMPATIBILITY DETAILS

Select Compatible using Tensor Cores

Fit to Screen
¥  Download PNG

Run (1)

Session runs

GPU SUMMARY

st

L=

|

; i

proféct
/
- Idarrity
= =
-

(0

Choose File

Upload
I Trace inputs

Color O Structure
Device
XLACluster
Compute time

Memory

@000O0

Tensor Core Carnpatibility
Using Tensor Cores
Mot using Tensor Cores

Incompatible

» Expand legend.

Clickon a
node that uses
Tensor Cores

Show kernel
that uses
Tensor Cores

See list of all
kerrels called

INACTIVE

JEAPUIIUTU_LAS 1Y _ 1 P UJTUL La L T

/FusedBatchNormV2
@@ tower_0/v/gradients/tower_0
vfcg/MobilenetV2/expanded_conv_10/project
/BatchNorm/FusedBatchMormV2_grad
/FusedBatchNormGradV2

Bx1x14x96

Bx1x14x96

Remove from main graph

Statics on the
node runtime

Compatibility Details

Duration: 4.78 (ms)
Kemels on this node: 17

Using | Duration mg | Min | Max
Name | Sl ) o) |
[“voltz_fp16...nchw_in_v1 YES a7 13 7 5 9

|~ volta_fp 16_sE84cudnn_fp16_126x128_ldge_relu_f2f exp_interic
g ; ™ 7

e T TS 5 )
vold cudnn..., _haf) no 53 4 13 9 18
vold cudnn... int, it} na 51 4 13 10 16
vold fft1d..., _half') na 18 4 4 4 5
Lioid 014,32, int3) na 1@ 4 3 & B
vold fft1d...m2, intZ) no 30 4 B 7 8
vold fft2d..., _half) no 19 4 5 5 5
void ffczd... i, Int) no a7 ] s a s
voldflip___. int, int) no 3 4 8 7 ]
vold im2eo._alf*, ist) no 29 a 7 T 8
viokd nchw T _.at, float) na 132 13 1m0 8 n
voldtenso...en-haf*) no 88 n B 7 9
voltz_cgemm_32«6d tn | no 21 4 5 5 6
volts_fp16...ror_na_v1 ng n 2 5 5 [
voits_gegemm_64:32_nt | no 21 4 5 5 6 hd
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COMPATIBILITY DETAILS

Select Compatible using Tensor Cores

Compatibility details and panel providing guidance and links to help with mixed precision

TensorBoard GRAPHS

INACTIVE

Search nodes. Regexes supported.

[F4] FittoScreen

¥  Downlead PNG

Run (1)

Session runs

(0)

Upload Choose File
I Trace inputs

Color O Structure

O Device

O XLA Cluster

O Compute time

O Memaory

(® Tensor Core Compatibility
Using Tensor Cores
Mot using Tensor Cores

Incompatible

+ Expand legend.

See a Tensor
Core Help panel
with useful link for
mare information

. -

Click on a node

that does not use
Tensaor Cores

|

expanded_conv_9

= (8

Remove from main graph "
Compatibility Details &
Duration: 521.88 (ps)
Kernels on this node: 2
Using | Duration Avg | Min | Max
Hame | ) w0 |
wvold cudnn... int, int} | no 185 1 15 13 16
- ity | ™ i n e 7 A
Tensor Core Help o~
® Please note that if there are multiple kernels being
ohzerved on single op node, these are likaly
performing data transposes to prepare the data for
efficient use by tensorcores. Such transposes
themselves would not use tensorcores.

® To learn more about Tensor cores and Mixed Precisic
training, visit this site: https://developer.nvidia.com
ftensor_cores.

# You will find resources on how to train networks with
mixed precision and make full use of Tensor cares fc
Tensorflow models https./docs.nvidia.com

deeplearning/sdk/mixed-precision-trainin
Jindex htmliftraining_tensorflow.

* Visit this site to find out more about DNN examples
optimized and tuned for Tensor cores provided by
NVIDIA: https:/developer.nvidia.com/deep-learning-
examples.

v
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OPNODES SUMMARY TAB

GPU Summary tab showing all the Nodes, compatible and using Tensor Cores

GRAPHS

GPU SUMMARY

INACTIVE

@ O0pNodes O GroupNodes O Model Summary

New GPU

Summary Tab 1 tower_0A/cg/MobilenetV2/Conv/Conv2D Conv2D 1,848,897 v 13 1
2 tower_OA/cg/MobilenetV2/Logits/Conv2d_1c_1x1/Conv2D Conv2D 50851 v 17 1
Run " - 3 tower_0A/gradients/tower_0/v/cg/MobilenetV2/Logits/Conv2d_1c_1x1/Conv2D_grad/Conv2DBackpropinput Conv2DBackpropinput 39125 v 15 1
(1) 4 tower_OA/gradients/tower_0//cg/MobilenetV2/Logits/Conv2d_1c_1x1/Conv2D_grad/Conv2DBackpropFilter Conv2DBackpropFilter 23300 v 17 1
: 5 tower_0A/cg/MobilenetV2/Conv_1/Conv2D Conv2D 20476 v 17 1
fue:: :g:‘ 6 tower_OA/gradients/tower_0/v/cg/MobilenetV2/Conv_1/Conv2D_grad/Conv2DBackpropinput Conv2DBackpropinput 17510 v 15 1
See a sortable 7 tower_OA/cg/MobilenetV2/expanded_conv_16/project/Conv2D Conv2D 17311 v 17 1
Upload “f:]?g:lrl]?(?g;s 8 tower_OAv/gradients/tower_0//cg/MobilenetV2/expanded_conv_12/project/Conv2D_grad/Conv2DBackpropFilter ~ Conv2DBackpropFilter 17109 v 16 1
9 tower_OA/gradients/tower_0//cg/MobilenetV2/expanded_conv_11/project/Conv2D_grad/Conv2DBackpropFilter ~ Conv2DBackpropFilter 13610 v 16 1
10 tower_0//gradients/tower_0/v/cg/MobilenetV2/expanded_conv_16/project/Conv2D_grad/Conv2DBackpropinput  Conv2DBackproplnput 12,851 v 15 1
11 tower_0A/gradients/tower_0/v/cg/MobilenetV2/Conv_1/Conv2D_grad/Conv2DBackpropFilter Conv2DBackpropFilter 9536 v 16 1
12 tower_OA/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_1/expand/Conv2D_grad/Conv2DBackpropFilter ~ Conv2DBackpropFilter 8342 v 16 1
13 tower_OA/gradi /tower_0/v/cg/MobilenetV2/expanded_conv_12/expand/Conv2D_grad/Conv2DBackpropFilter ~ Conv2DBackpropFilter 8267 v 16 1
14 tower_0A/cg/MobilenetV2/expanded_conv_13/project/Conv2D Conv2D 7875 v 17 1
15 tower_OA/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_16/project/Conv2D_grad/Conv2DBackpropFilter ~ Conv2DBackpropFilter 7749 v 16 1
16 tower_0A/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_13/expand/Conv2D_grad/Conv2DBackpropFilter ~ Conv2DBackpropFilter 7604 v 16 1
17 tower_OA/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_1/expand/Conv2D_grad/Conv2DBackpropinput Conv2DBackpropinput 6903 v 16 1
18 tower_0A/cg/MobilenetV2/expanded_conv_1/ d/Conv2D Conv2D 6779 v 16 1
19 tower_0A/cg/MobilenetV2/expanded_conv_15/project/Conv2D Conv2D 6337 v 17 1
20 tower_0A/cg/MobilenetV2/expanded_conv_14/project/Conv2D Conv2D 6316 v 17 1
21 tower_ON/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_11 d/Conv2D_grad/Conv2DBackpropFilter  Conv2DBackpropFilter 5461 v 16 1
See a list of all An . Ars e Al ma e aaas o ani A an A Amm — A Amm — Fasn . am 4
ngégngr?cr);e Counter Kernel Name U?igg Duration Calls Avernge:| Mintmum| Maximum
(us) (bs) (ps) (us)

~ 1 volta_s884cudnn_fp16_128x128_ldg8_relu_exp_interior_nhwc_tn_v1 v 14 2 7 7 7
2 cudnn::gemm::computeOffsetsKernel(cudnn::gemm::ComputeOffsetsParams) X 122 15 8 10

void cudnn: detail:-explicit_convolve_sgemm<__half, int, 512, 6, 8, 3. 3, 5, 0, true>(int,
3 int, int, __half const*, int, __half const®, int, __half*, kemel_conv_params, int, int, float, X 51 4 13 9 17

float, int, __half*, __half*)

void cudnn::detail::implicit_convolve_sgemm<__half, __half, 512, 6. 8, 3, 3. 5, 1, true,

4 false, true>(int, int, int, __half const®, int, __half*, __half*, kemel_conv_params, int, float, X 54 4 14 10 18

float, int, __half*, __half*, int, int)
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GROUP NODE SUMMARY TAB

GRAPHS

Search nodes. Regexes sup...

Fit to screen

i Download PNG

Run . -
(1)

Session -
runs (0)

Choose File

Upload

List Group
Nodes in model

GPU SUMMARY

INACTIVE

Roll up timing metrics and Tensor Core utilization per group node

O OpNodes ® GroupNodes O Model Summary

1 input_processing/batch_processing
2 input_processing
3 input_processing/batch_processing/list_files
4 tower_Oiv
5 tower 0
6 tower Oi/cg
7 tower_OM/cg/MaobilenetV2
tower_0/v/cg/MobilenetV2/Conv
9 tower_OAv/gradients
10 tower_O/v/gradients/tower_0fv
11 tower_O/v/gradients/tower_0
12 tower_O/v/gradients/tower_0/ivcg
13 tower_OA/gradients/tower_0/i/cg/MobilenetV2
14 tower_OA/gradients/tower_0i/cg/MobilenetV2/Logits
15 tower_OM/gradients/tower_0/iv/cg/MobilenetV2/Logits/Conv2d_1c_1x1
16 tower_OMv/gradients/tower_0/i/cg/MobilenetV2/Logits/Conv2d_1c_1x1/Conv2D_grad
17 tower_0/v/icg/MobilenetV2/Logits
18 tower_0/v/cg/MobilenetV2/Logits/Conv2d_1c_1x1
19 get_gradients_to_apply
20 tower OM/2_loss
21 tower_OA/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_16
22 tower_OA/gradients/tower_0/i/cg/MobilenetV2/expanded_conv_12
23 tower_O/v/gradients/tower_0/A/cg/MobilenetV2/Conv_1
24 tower_OM/gradients/tower_0/v/cg/MobilenetV2/Conv_1/Conv2D_grad
25 tower_OMgradients/tower_0/i/cg/MobilenetV2/expanded_conv_11
26 vicg

6179353 0
6179353 0
6140401 0
2585470 M
2585470 1M
2,097,763 37
2,097,182 36
1850516 1
420913 74
394,305 74
394,305 74
371,357 74

Sort by total
time

Use statistics to
drill down into
bottlenecks

45,687
44 596
36,684
32,883
27,752
27,046
24,602
24,131

S B NN BE B OO S = NNRNRN

66

S B NNE BEO O S NN

87.387
87.387
83.784
86.111
100
89.189
89.189
89.189
89.189
91.667
100
100
100
100
100

100
100
100
100
100
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MODEL SUMMARY TABLE

Model Summary shows concise information on Tensor core usage

TensorBoard GRAPHS

GPU SUMMARY

Search nodes. Regexes sup..

Fit to screen

i Download PNG

Run . -

(1)

Session -

runs (0)

Upload Choose File

O OpNodes O GroupNodes ® Model Summary

Nodes in Graph 6158

Compatible Nodes 12
Compatible Nodes using Tensor Cores | 97

Total GPU Time 15.10(s)

‘% of time In TC compatible nodes 15.62%
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