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Profiling beep Lea.rning Networks
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DEEP LEARNING OPTIMIZATION

System Level Tuning DNN Level Tuning
System Tuning Algorithm Techniques & Data
Thread Synchronization, Multi GPU Representations
and node communication Pruning
Memory management & Kernel Calibration
profiling .
Leveraging/Optimizing Hardware /?/\l;ﬁntcl)ztagrosn
Input Pipeline Optimization y

Many others....

Visualization



TYPICAL CHALLENGES

System wide tracing,
thread synchronization, Layer fusion, calibrating, Maximum availability and
memory transfers optimized inference utilization in Data Center
Kernel tuning

Optimal data processing, Maximum parallel
batching, copying, computation,fast matrix
managing pipeline operations, precision

3 <4NVIDIA.



DL PROFILING NEEDS OF DIFFERENT PERSONAS

Fast development of best
performant models for research,
challenge and domains

*e

Reduce Training time, focus on
data, develop and apply the best
models for the applications

Optimized utilization and
uptime, monitor GPU
workloads, leverage hardware

4
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DL PROFILING: TOOLS & TECHNOLOGIES

Data Scientists & Applied Sysadmins &
Researchers
Researchers DevOps
PrIHERIN
[ —
=<‘» ‘3 U<]]

Use Advanced APlIs Use Tensorboard type of Use Data Center
Developer Tools visualization Monitoring Tools

Developer Tools

‘¢ epytércH  Tools: NSIGHT Tools, NVVP, NVPROF, DCGM, NVML
@xnet APIs: NVTX, CUPTI

etc...

—
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INPUT DATA PIPELINE OPTIMIZATION

Training Data Preparation

Preprocessing and augmentation can become complex, learnings from a medical imaging
segmentation use case:

e Cropping multiple batches from one single volume.

e Unzipping files and saving to local disk at first epoch.

e Storing foreground voxel coordinates to local disk space at first epoch.
e Caching etc...

NVIDIA DALI: DAta loading Llbrary:

A GPU-accelerated data augmentation and image loading library for optimizing data pipelines of deep learning frameworks.



TENSORBOARD

Data Visualization

Tensorboard is the most popular SCALARS IMAGES GRAPHS > INACTVE + C £ @

visualization tools used by data

Scientlsts and appl]ed researchers using Show data download links Q Filter tags (regular expressions supported)

Tensorflow Ignore outliers in chart scaling

. accuracy

Useful to understand network graph i S p—

tOPOlOgy’ tra]n]ng etc Smoothing cross entropy

PyTorch users seem to use —— oosso | ||l

TensorboardX (also Visdom ) ol L

MXBoard is a similar tool for mxnet e ‘ )|
I "\ S
ne || = e
Write a rege O Device ] train/ ation,
| @ Computetime - .u Iayer]/HistogramSummary

}"_ﬂm- y - | Node Stats

Compute Time 93 s
Tensor Output Sizes [100, 500]

Remave from main graph
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NVIDIA NSIGHT TOOLS




NSIGHT PRODUCT FAMILY

Standalone Performance Tools
System wide tracing, application algorithm tuning
Debug/Optimize specific CUDA kernels
Debug/Optimize specific graphics APl and Shaders

IDE Plugins

editor, debugger, performance analysis



NSIGHT PRODUCT FAMILY

Visual Studio
= eclipse
Nsight Systems Nsight Compute Nsight Graphics IDE Plugins
Nsight Eclipse
System-wide application CUDA API Debugging & Kernel  Graphics Debugging & Profiling Editiong/VisualpStudio
algorithm tuning Profiling (Editor, Debugger)

—
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NSIGHT SYSTEMS

System-wide Performance Analysis

Observe Application Behavior: CPU threads, GPU
traces, Memory Bandwidth and more

Locate Optimization Opportunities: CUDA & OpenGL
APIs, Unified Memory transfers, User Annotations
using NVTX

Ready for Big Data: Fast GUI capable of visualizing in
excess of 10 million events on laptops, Container
support, Minimum user privileges

https://developer.nvidia.com/nsight-systems
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https://developer.nvidia.com/nsight-systems
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NVIDIA NSIGHT COMPUTE

Next Generation Kernel Profiler

»] Interactive CUDA API debugging and kernel
profiling

[»] Fast Data Collection

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

»] Command Line, Standalone, IDE Integration

»] Platform Support
»] OS: Linux (x86, ARM), Windows
] GPUs: Pascal, Volta, Turing

= GPU Speed Of Light
SoL M [X]
SOL TEX [X]
soL L2 [%]
soL F8 [%]

I
M %]

—
Memory [%]

200

30.0

8.74 (-se.0eX)
8.74  (-2.82%)
8.85 (-99.35%)
0.89 (-99.76X)

‘nst_executed s

Intex_sal_pet [%]

launch_block_size

launch_function_pcs

launch_grid_size
launch_ocaupancy_bmit_blocks [blod]
launch_ocaupancy_invt_regsters [regster]
launch_ocaupancy imit_shared_mem [bytes]

lsunch_shared_mem_config_size [bytes]
launch__shared_mem_per_block_dynamic [bytes block]
Iaunch_shared_mem_per_biock_static [bytesblock]
launch_thread_count [thwead]
launch_waves_per_muitprocessor

Ite_sol_pet [%]

memory_sccess_size_type [bytes]
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Source Live Registers

@!PT SHFL.IDX PT, RZ, RZ, RZ, RI;
MOV R1, c[exa][ex28];
S2R R@, SR_CTAID.X;
S2R R2, SR_TID.X;

., R, c[exe][exe], Rr2;

IMAD R@

ISETP.GE.AND PR, PT, R0, c[exa][ex17e]
gPe  EXIT;

MOV R2, RO;
@1PT SHEL.IDX PT, Rz, RZ, RZ, RZ;

MOV R4, @xd;

IMAD.WIDE R4, R2, R4,
LDG.E.SYS R3, [R4];

BSSY B8, @xbeesrs7se;
SHF.R.S32.HI Re, RZ, @xif, R2;

c[exe] [ex1se];

o I T,

223
13
143
e
599
125
259
386

T o000

Sampling Data (Al) Sampling Data (No Issue)

s o000 BRAREENE
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Comparisons
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Metric Data
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Correlation
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APIs & Libraries : NVTX and CUPTI




NVIDIA TOOLS EXTENSION LIBRARY (NVTX)

NVTXE? aAIleIatform agnostic, tools e NVIDIA optimized Tensorflow, PyTorch, MXnet have
agnostic NVTX annotations built in!

Allows developers to e Enables a better more effective user experience
annotate(mark) source code, with Nsight Tools, NVVP, NVPROF

events, code ranges etc

Epoch 3 [7.649 5]

Train [6.692 5]

et Batch 301 [4.645 ms]

C... Forward pass [1.845 ..  Backward pass [2.472 ms]

Batch 299 [... Batch 300 [4.981 ms]

Backward p.. )] Forward pass [1.939 ms] Backward pass [2.829 ms]

CUDA API bl bk o L Man a e LT owk b LS I




PREVIEW: TENSORFLOW WITH NVTX ANNOTATION

Coming soon ....

tensorflow tf

nvtx.plugins.

e Library developed specifically for annotating
Tensorflow to help visualize network better in

. nvtx_tf.layers.tra "D ck", e="Forward”,
Nsight Systems '
net % =n . 1, tf.nn.relu, dense 1
net tf.layers.den . 1=tf.nn.rel 2
[ ] Workflow: net tf.layers.den . tf.nn.relu,
. net tf.layers.den . tf.nn.relu 2 o
O Import thX_tf l]brary net tf.layers.den , 512, tf.nn.relu, dense 5

net

o Annotate python code

o Run tensorflow

o Get data through a profiler such as Nsight
Systems

"logits-softmax")
logits')

Coming soon as a library



PREVIEW: PyTorch WITH NVTX ANNOTATION

Coming soon ....

Library for effectively using NVTX marker for PyTorch
Custom NVTX marker as a python dictionary with module
name, function name, arguments (tensor shapes & type,
scalar type & value).

Workflow:
o Import library
o Annotate python code
o Run with profiler

import torch.cuda.profiler as profiler
import nvtx_py
nvtx_py.nvtx.init()
with
torch.autograd.profiler.emit _nvtx():
for epoch in range(100):
for iteration in range(100):

17
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CUDA PROFILING TOOLS INTERFACE (CUPTI)

Build your own GPU performance tuning tools

C APIs to enable creation of profiling and
tracing tools that target CUDA applications

Supports multiple APIs - CUDA API trace, GPU
activity trace, GPU performance counters and
metrics, PC sampling, Profiling (Unified
Memory, OpenACC)

Application

Profiling Tool

Driver

Available as a dynamic library on all CUDA
supported platforms

https://docs.nvidia.com/cupti/Cupti/index.html

18
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ALGORITHM OPTIMIZATION

Tensor Cores

A revolutionary technology that accelerates Al performance by enabling
efficient mixed-precision implementation

Accelerate large matrix multiply and accumulate operations in a single
operation

Mixed Precision Technique
Combined use of different numerical precisions in a computational method;
focus is on FP16 and FP32 combination.

Benefits

Decreases the required amount of memory enabling training of larger
models or training with larger mini-batches

Shortens the training or inference time by lowering the required resources
by using lower-precision arithmetic
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PREVIEW NVIDIA DEEP LEARNING
PROFILER .




Deep Learning Profiler

Who: A data scientist/deep learning researcher

What: Able to
Easily profile a DNN
Understand GPU usage in terms of the model
Present results in familiar tools, such as TensorBoard
Leverage existing NVIDIA tools

22 nviDIA.



Deep Learning Profiler Workflow

s v ol

Graphdef file Use NSight Correlate Generate Analyze in

generate in tools to profile data TensorBoard TensorBoard

Tensorflow gather kernel with event files or other 3rd
and timing Tensorflow and detailed party tools

profile data model reports

23 <ANVIDIA.



Architecture

Automates workflow

NVTX
marked

Kernel
Profile

NVTX
marked

Nsight Systems

Gather timeline information

1
Timeline
Data
Determines Tensor Core usage from

name of kernels
DNN
Nsight Compute Graph Deep Learning Profiler

Detailed kernel level profiling
Files

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

<NVIDIA.



Deep Learning Profiler

Example command to profile MobileNet V2 and generate a graphdef

$ /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 fpl6
--fpl6 enable auto loss scale --graph file=/results/mobilenet_graph.pb

Example Deep Learning Profiler command

$ 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 fpl6 --fpl6 enable auto loss scale

Launching TensorBoard

$ tensorboard --logdir ./event files

25
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Tensorboard Modifications

Start TensorBoard with NVIDIA modifications

TensorBoard GRAPHS  GPU SUMMARY

Search nodes. Regexes supported

Fit to Screen

¥  Download PNG

Run(1) . -
Sessionruns -

@

Upload Choose File average_loss | - marseen. | got gradientnso
I Trace inputs “

Color O structure

Show Tensor

Device
O Core T
(O XLACluster Compatibility
QO Ccompute time
© Memory

@ Tensor Core Compatibility

Using Tensor Cores
Not using Tensor Cores

Incompatible

A Expand legend.

INACTIVE

Guidance &

# Mixed precision is the combined use of different
numerical precisions in a computational method. The
Volta and Turing generation of GPUs introduced Tensor
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

4 pi

Color coded
graph nodes

Guidance
panel with links
to learn about
Tensor Cores
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Compatibility Details

Select Compatible using Tensor Cores

TensorBoard GRAPHS  GPU SUMMARY INACTIVE

== TR 1T Y 1 ot G e
< /FusedBatchNormV2 Bii14=08
Search nodes. Regexes supported. i @ tower_0/v/gradients/tower_0
I - N /vfeg/MobilenetV2/expanded_conv_10/project
Fit to Screen prfect /BatchNorm/FusedBatchNormV2_grad

/FusedBatchNormGradV2 8x1x14x96

¥ Download PNG rd

Remove from main graph

Statics onthe

Funo - : s (e )

" — e . node runtime
Session runs - Compatibility Details
J - = .
il i Duration: 4.78 (ms)
pl CDL., Show kernel Kernels on this node: 17
. = that uses Using | Duration g [Min | mMax
I Trace inputs Tensor Cores Hame ) S s w9 | el
[volta_fp16._nchw_tn vl | VES 97 13 7 5 e
Color O Structure g”i*;ot” a o
node that uses rpus
Ita_fp16_s884cudnn_fp16_128x128_|dg8_relu_f2f t:
O Device Tensor Cores m'..‘f‘l::.ﬂm.' P B e R LT A ntenl
QO XLACluster void cudnn..., _hatf) | no. & 4 |as ° 18
QO Compute time \ vekd cudnn.__int Int) no 51 a |z 10 16
© Memary L ES wodtmd_,_baf) e |18 o o [ s
® Tensor Core Compatibility ! gfbcu fid._m, 2) i b S % °
T “voud fft1d...m2, int2) ne 30 4 8 7 8
Using Tensor Cores b S
R . \ See list of all vk ffizd..., _haif) no 1 4 s 5 5
B uon i Ass i - vobd Fiezd... i, i) o 3 e s a 5
[ atibl expand
Incompatible vod fip_... int, Int) no a1 a4 e 7 e
f void im2co...alf*, int) no. 29 4 7 7 8
‘void nchw...at, float) ne 132 13 10 8 1
:'g —— wohd tenso...en:-half) no ) n o |e 7 9
‘volta_cgemm_32x64_tn ne 2 4 5 5 ]
-
vohta_fp16_riornn vl | no n P 5 &
v e iyl woha_ mm_64x32_nt_| no. 2 4 s s 6 ¥

A Expand legend. g
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Compatibility Details

Select Compatible node not using Tensor Cores

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

TensorBoard GRAPHS

Search nodes. Regexes supported.

Fit to Screen
#  Download PNG

Run (1)

Session runs
©)

Upload Choose File
I Trace inputs

Color Q Structure

Device

XLA Cluster

Compute time

Memory

Tensor Core Compatibility

@0000

Using Tensor Cores
Not using Tensor Cores

Incompatible

A Expand legend.

INACTIVE

Remove from main graph

Compatibility Details &

Duration: 521.88 (us)
Kernels on this node: 2

Using | Duration Avg Min Max
Name © | ol s w9 w9
wJ void cudnn._. int, int) | no. 165 no|s 13 16
void
!i See a Tensor tensoenchair) | ™ = a8 7 g
o withusot I for
Tensor Core Help a

more information

Click on a node
that does not use
Tensor Cores

~
I
expanded_conv_9
ot
L
1
7%

Please note that if there are multiple kernels being
observed on single op node, these are likely
perferming data transposes to prepare the data for
efficient use by tensorcores. Such transposes
thi Ives would not use
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 cores fc
Tensorflow models hitps://docs nvidia.com

ing/sdk d: ision-training
findex htmlittraining_tensorflow.
Visit this site to find out more about DNN examples
optimized and tuned for Tensor cores provided by
NVIDIA: hitps:/devel nvidia.com/deep-learning-

examples.
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OpNodes Summary Tab

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

GRAPHS

Search

New GPU
Summary Tab

4

Run . -
m

Session
runs (0)

See a sortable
list of all nodes
in the model

Choose Fildg

Upload

Seealist of all
kemels for a
selected node

GPU SUMMARY

INACTIVE

® OpNodes O GroupNodes O Model Summary

-
1 tower_Ofv/cg/MobilenetV2/Conv/Comv2D Conv2D 1,848,897 v 13 1
2 tower_0/i/cg/MobilenetV2/Logits/Conv2d_1c_1x1/Conv2D Conv2D 50851 « 17 1
3 tower_OM/gradients/tower_0/v/cg/MobilenetV2/Logits/Conv2d_1c_1x1/Conv2D_grad/Conv2DBackproplnput Conv2DBackproplnput 39125 v 15 1
4 tower_0/v/gradients/tower_0/iv/cg/MobilenetV2/Logits/Conv2d_1c_1x1/Conv2D_grad/Conv2DBackpropFilter Conv2DBackpropFilter 23300 v 17 1
/5 tower_0/v/cg/MobilenetV2/Conv_1/Conv2D Conv2D 20476 v 17 1
6 tower_0/Av/gradients/tower_0/v/cg/MobilenetV2/Conv_1/Conv2D_grad/Conv2DBackproplnput Conv2DBackproplnput 17510 «v 15 1
7 tower_0//cg/MobilenetV2/expanded_conv_16/project/Conv2D Conv2D 17311 v 17 1
8 tower_O/wgradients/tower_0/v/cg/MobilenetV2/expanded_conv_12/project/Conv2D_grad/Conv2DBackpropFilter  Conv2DBackpropFilter 17109 v 16 1
9 tower_0/v/gradients/tower_0/v/cg/Mobilenet\V2/expanded_conv_11/project/Conv2D_grad/Conv2DBackpropFilter  Conv2DBackpropFilter 13610 v 16 1
10 tower_O/v/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_16/project/Comv2D_grad/Conv2DBackproplnput ~ Conv2DBackproplnput 12851 v 15 1
11 tower_0Mv/gradients/tower_0/vcg/MobilenetV2/Conv_1/Conv2D_grad/Conv2DBackpropFilter Conv2DBackpropFilter 9536 v 16 1
12 tower_0/wgradients/tower_0/vw/cg/MobilenetV2/expanded_conv_1/expand/Conv2D_grad/ConvZDBackpropFilter Conv2DBackpropFilter 8342 v 16 1
13 tower_O/v/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_12/expand/Conv2D_grad/Conv2DBackpropFilter ~ Conv2DBackpropFilter 8267 v 16 1
14 tower_U/v/cg/MobilenetV2/expanded_conv_13/project/Conv2D Conv2D 7878 v 17 1
15 tower_0/wgradients/tower_0/v/cg/MobilenetV2/expanded_conv_16/project/Comv2D_grad/Conv2DBackpropFilter  Conv2DBackpropFilter 7749 v 16 1
16 tower_O0/w/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_13/expand/Conv2D_grad/Conv2DBackpropFilter  Conv2DBackpropFilter 7604 v 16 1
17 tower_U/iv/gradients/tower_O/v/cg/MobilenetV2/expanded_conv_1/expand/Conv2D_grad/Conv2DBackproplnput Conv2DBackproplnput 6,903 v 16 1
18 tower_O/v/cg/MobilenetV2/expanded_conv_1/expand/Conv2D Conv2D 6,779 v 16 1
19 tower_O/wcg/MobilenetV2/expanded_conv_15/project/Conv2D Conv2D 6337 v 17 1
20 tower_D/v/cg/MobilenetV2/expanded_conv_14/project/Conv2D Conv2D 6316 v 17 1
21 tower_D/v/gradients/tower_0/v/cg/MobilenetV2/expanded_conv_11/expand/Conv2D_grad/Conv2DBackpropFilter  Conv2DBackpropFilter 5461 v 16 1 .
Counter Kernel Name Using Duration Calls Average Minimum Maximum ~
Tc {us) {us) {us)
™~ 1 wolta_s884cudnn_fp16_128x128_ldg8_relu_exp_interior_nhwe_tn_v1 v 14 2 7 7 7
2 cudnn:-gemm:-computeCffsetsKernel(cudnn:-gemm::ComputeOffsetsParams) X 122 15 8 4 10
void cudnn:-detail:-explicit_convolve_sgemms<__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 a1 4 13 9 17
float, int, __half*, __half*)
void cudnn::detail:-implicit_convolve_sgemm<__half, __half, 512 6, 8. 3, 3. 8. 1, true,
4 false, truex(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

Roll up timing metrics and Tensor Core utilization per group node

TensorBoard GRAPHS  GPU SUMMARY INACTIVE

e P e O 0OpNodes ® GroupNodes O Model Summary |

~
RHADEEES 1 Input_processing/batch_processing 6179353 0 0 0
1 Download PNG 2 input_processing 6179353 0 0O 0

) — Sort by total

Run ) . 3 input_processing/batch_processing/list_files tirhe 6140401 0 0O 0
) - 4 tower_0fv 2585470 111 97 87387
5 tower 0 2,585,470 111 97 87.387
Session - 6 tower_OAicg 2,097.763 37 31 83784
runs (0) 7 tower_Oi/cg/MobilenetV2 2,097,182 36 31 86111
Upload Choose File tower_0/Mcg/MobilenetV2/Conv 1,850,516 1 1 100
9 tower_0A/gradients 420,913 74 66 89.189
List Group 10 tower_Dfvigradients/tower_0fy 394,305 74 66 89.189
Nodes in model 11 tower_OMgradientsfowsr_0 394305 74 66 89.189
12 tower_OMv/gradients/tower_0fvcg 371,357 74 66 89.189
13 tower_O/v/gradients/tower_0/fv/cg/MobilenetV2 5772 66 91.667
14 tower_0/v/gradients/tower_0/cg/MobilenetV2/Logits 2| 2 100
15 tower_Ofv/gradients/tower_0fv/cg/MobilenetV2/Logits/Comv2d_1c_1x1 Use statistics to , 2 2 100
16 tower_OAvgradients/tower_0/Wcg/MobilenetV2/Logits/Conv2d_1c_1x1/Conv2D_grad drill down into p425 2 2 100
17 tower_0/v/cg/MobilenetV2/Logits bottlenecks 5134 1 1 100
18 tower_O/ivicg/MobilenetV2/Logits/Conv2d_1c_1x1 063 1 1 100
19 get_gradients_to_apply 45687 0 0O 0
20 tower_0M12_loss 44596 0 0 0
21 tower_0/v/gradients/tower_0/fwcg/MobilenetV2/expanded_conv_16 36684 4 4 100
22 tower_OMgradients/tower_0/cg/MobilenetV2/expanded_conv_12 32883 4 4 100
23 tower_O/v/gradients/tower_0/v/cg/MobilenetV2/Canv_1 2172 2 2 100
24 tower_OMvigradients/tower_0/fw'cg/MobilenetV2/Conv_1/Conv2D_grad 27,046 2 2 100
25 tower_OMvgradients/tower_0/cg/MobilenetV2/expanded_conv_11 24602 4 4 100

26 vlcg 24131 0 0 0y

30 <INVIDIA.



Model Summary Table

Model Summary shows concise information on Tensor core usage

TensorBoard GRAPHS  GPU SUMMARY

Search nodes. Regexes sup.. (O OpNodes O GroupNodes ® Model Summary

: Nodes in Graph 6154
C Fit to screen

“ Compatible Nodes 112

— Download PNG Compatible Modes using Tensor Cores | 97
Run . - Tatal GPU Time 15.10 ()

1
l: } % of time in TC compatible nodes 15.62%
Session -
runs (0)
Uplgad Choose File
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