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Introduction

\4

Traditional CPUs get support from co-processing units to speedup specific
tasks 2
Highly parallel processing units

Applications : graphic, network, signal processing, ...
Dataflow model

A4

\4

\4

> TensorFlow with GPU : an easier case to start
> Dataflow model
> Computation graph

¥ TensorFlow
Research goals :

* Propose a profiling tool for TensorFlow

* Better understand the execution of the graph and its performance
* Insure that the GPU is used efficiently

* Detect problems or suggest optimizations
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TensorFlow with GPU

e Official TensorFlow : CUDA
e TensorFlow 1.8 NVIDIA.

* https://github.com/tensorflow/tensorflow C U D A

 AMD : TensorFlow : ROCm platform + HIP
* HipTensorFlow 1.0.1 : ROCm 1.6 (deprecated)
* https.//github.com/parallelo/hiptensorflow-1

e TensorFlow 1.3 : ROCm 1.7
* https.//github.com/ROCmSoftwarePlatform/tensorflow

e TensorFlow : SYCL C Codepl‘-:‘y® SYCL

* TensorFlow 1.6
* https.//github.com/lukeiwanski/tensorflow
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TensorFlow instrumentation
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MLP 900 gradients
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* Transfers

POLYTECHNIQUE MONTREAL — May 2018 - Pierre Zins, Michel Dagenais



NVIDIA GPUs

qﬁw
Device Tracer inside TensorFlow n\llDIA
CUPTI library, Activity API CUDA

Two callbacks

* API Callback invoked synchronously on the thread making the API Call
* Mapping : Kernel Name ~ API Call - TensorFlow operation

* Correlation ID

* Activity callback for asynchronous events
* GPU kernels
* Asynchronous memory copies
* CUDA Runtime API
* CUDA Driver API
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B
AMD GPU - ROCm

Port of TensorFlow on the ROCm platform hipTensorflow
* HSAAPI REEREN HCC
* ROCm runtime instrumentation \ HIP |
L : HC
* Interception libraries based on Paul - <
e ROCm runtime ROCm
Margheritta’s work (HSA) Kernel Driver
. A
* HIP API
* Replacing AMD Markers with LTTng
_ [ MIOpen J
tracepoints

( N [ )

rocBLAS hcFFT

\ O\ 4

~ - /“ 4 N N
Al ’-"":'-ru_n‘l1 hipBLAS  hcRNG

el =" u - O _4
GPuopen K24
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AMD GPU - ROCm

Asynchronous events :

* HC instrumentation

* hsa_amd_profiling _get dispatch_time,

hsa_amd_profiling _get_async_copy_time

o : hipTensorflow
Use signals ——
hipEigen | ,
* Add tracepoints into asynchronous events ( )
HIP HCC
destructors ‘ s ]
. . ' N Y
* Collected during the execution .
ROCm runtime ROCm
(HSA) Kernel Driver
A AN vy

* AMD profiling functions + interception
* hsa_ext tools_queue_create_profiled
* hsa_ext _tools_get_kernel_times
* Only for kernels

* Collected at the exit of the application
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AMD GPU - SYCL

SYCL API

* Highly templated C
* Library : closed source SYCL

* Profiling functions : limited

OpenCL API
* Based on CLUST by David Couturier

* Interception mechanisms
* ClCreateCommandQueue : CL_ QUEUE_ PROFILING_
* clGetKernelinfo
* clSetEventCallback
* clGetEventProfilinginfo
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Post processing

Kernels, barriers, memory copies are collected asynchronously

All GPU-related events should use the same clock as the CPU :

* AMD profiling functions and CUPTI functions : Monotonic clock

* OpenCL : device clock has no relation with the CPU clock
* Convex Hull synchronization algorithm by Poirer et al. (2010)
* More efficient improvement proposed by Jabbarifar (2013)

Submitted time

Queued time Start End

GPU o ,

[ U

=y =

Loy U |

[ 1 L
M

‘ E nqueueNDRangeKeme.“ ‘ Callback function
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Post processing

Link GPU kernels with TensorFlow operations

°* NVIDIA : correlation ID

* HIP or SYCL : no correlation ID linking the API function to the GPU kernel

" TensorFlow only use 1 Compute Stream/Queue

~ Within a Stream/Queue, kernels are executed in-order

v B hee_kernel
L 6206

v B hip_api
[ 6206
[ 3 6224
v 6226

» Sk hsa_api

» k operation_

» St operation_

Y &. operation_
v 6226

L I B |

ConvzD

a
Conv2D I
MIOpenConvliniC

oid tensorflow:runctor:RunSwapDime...

& 3. .. py -
l
\

N ~Relu | ConvaD_1
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e
XML Analysis

i hec_barrier ‘

» i 6206
v i 6226

o hec_copy
» i 6206
v i 6226
L ] L 1
¥ i hec_kernel
v & 6206

1 1
1 PR Opeco.. vora C-tensort-- Flger-—fensorT]

Conv2D_1
sp3AsmConvRxSH

¥ {3 hip_api
> i 6206
> 6224
v & 6226
H—= 151384 hipvemcoy.. I 1151 I ey 115 IRim 'l o S S | in B B on oy | - HHHHHHHH
1 1

¥ p hsa_api
> & 6206
> & 6224
v & 6226
HH-HHEH AR T L L n R I AL B AN R i 1111 1] e R R i RARA | L —— i
v fip operation_async_fjobrlocalhost/replica:0/task:0/cpu:0 |
vEo

-1
 fin operation_async_fjob:localhost/replica:0/task:0/gpu:0 ‘
vao
fgradients/Mean. .. —recv_Placenolder 2 0/ 5 |
vai
vE2 |
!
- 53
(o operation_sync_/cpu:0
» i 6206
v i operation_sync_/jobilocalhost/replica:0/task:0/cpu:0
v i 6226
i
¥ i operation_sync_/job:localhost/replica:0/task:0/gpu:0
v & 6226
L U 1 | L s jor...1} i convzD 1 3 § Reonvz Bl 1§ JL 1 VIO R 11 RE T 10 R J IR
» Ep rendezvous
» iy scheduling
¥ Bp session

= 0x6 0x6

v &y stream_memcpy
> i 6206
v i 6226

memcpy H2D 401408 Ime... | ]

F—i I EE | DR SortmaxCrossEntropyWithLogits i

11:38:35.944 11:38:35.945 11:38:35.946 11:38:35.947 11:38:35.948 11:38:35.949 11:38:35.950 11:38:35.951 11:38:35.952
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Example - Triplet loss

Olivier Moindrot :
Triplet loss used in face recognition https://github.com/omoindrot/tensorflow-triplet-loss

¥ B kernels
L4 27548

» [ memcpy

v Bk operation_sync_fjob:localhost/replica:0/task:0/device:CPU:0
L 27580

iH

L 27581

v 27582

v 27583

v & 27584
R
v & 27585

¥ s 27586

A 27587
LR L R A |
» B operation_sync_/job:localhost/replica:0/task:0/device:GPU:0
¥ i session
¥ i 27548
= oxaso 0:249 - oon
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Example - Triplet loss
Olivier Moindrot :

Triplet loss used in face recognition  pys //github.com/omoindrot/tensorflow-triplet-loss

L 27587
= DecodeRaw — B N (€53 I 2 IR IR N IIIEmINI TILREL
(=] - 8
SOU... Res...]
“SOURCE Reshape)... Tolnt32 oInt3?.....

def decode image(image):

image = tf.decode raw(image, tf.uint8)
image = tf.cast(image, tf.float32)
image = tf.reshape(image, [784])
return image / 255.0

decode label(label):
label tf.decode raw(label, tf.uint8)
label tf.reshape(label, [])
return tf.to int32(label)
images tf.data.FixedLengthRecordDataset(images file, 28 * 28, header bytes=16)
images images.map(decode image)
labels tf.data.FixedLengthRecordDataset(labels file, 1, header bytes=8)
labels = labels.map(decode label)

return tf.data.Dataset.zip((images, labels))
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Example - Triplet loss

Olivier Moindrot :

Triplet loss used in face recognition  pys //github.com/omoindrot/tensorflow-triplet-loss

images = tf.data.FixedLengthRecordDataset(images file, 28 * 28, header bytes=16)
images images.map(decode image, num parallel calls=16)

labels tf.data.FixedLengthRecordDataset(labels file, 1, header bytes=8)
labels = labels.map(decode label, num parallel calls=16)

¥ s kernels
¥ & 31672

¥ s memcpy
v 31672

v [ operation_sync_/
v & 31672

¥ [ operation_sync_f
v 31742
EHHHT L | HIEHH-H -t
v 31743
B HHHE 1H THHHBH
v 31744
| H-Hi B HA—— A
v 31745
I-HH--HHHHE it HH—1 Ite...
v & 31746
HE-I—HHIH- HHHE— B
v 31747
1l HHHHIH HHHH ——AHH—H |
¥ i 31748
IHEH—HHH I I
v 31749
IR
» [ operation_sync_/f
¥ [Hp session
v 31672

A 31672 |

» [ memcpy
» 5@ operation_sync_/
» 5@ operation_sync_/
» 5@ operation_sync_/
¥ Sz session

J 31672

[ 061 | e 0x62]
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Example - Triplet loss
Olivier Moindrot :

Triplet loss used in face recognition  pys.//github. com/omoindrot/tensorflow-triplet-loss

def train_input fn(data dir, params):
"""Train input function for the MNIST dataset.

Args:
data dir: (string) path to the data directory
params: (Params) contains hyperparameters of the model (ex: “params.num epochs’)

dataset mnist dataset.train(data dir)
dataset dataset.shuffle(params.train size)
dataset dataset.repeat(params.num _epochs)
dataset dataset.batch(params.batch_size)

dataset = dataset.prefetch(1)

return dataset
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Example - Triplet loss

Olivier Moindrot :

Triplet loss used in face recognition https://github.com/omoindrot/tensorflow-triplet-loss

¥ g kernels
v 26894

¥ S memcpy
¥ 26894

¥ £ operation_sync_/
¥ 26924

v 26925
¥ 26926
v 26927
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¥ 26930
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¥ B session
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Example - Kernel fusion
CNN

v kernels
 J 14526

» [t memepy
» [ operation_sync_/device:CPU:0
» % operation_sync_fjob:localhost/replic:
» % operation_sync_fjob:localhost/replic:
» [% runtime_api
» [ scheduling
¥ [ session
v 14526

= o7 [ x16 | | 0x20 |
1.5256344541203E+018 1.52563445413805E+018 Conv2D_1:Conv2D 17757000 14
1.52563445314211E+018 1.52563445315802E+018 gradients/Conv2D_1 grad/Conv2DBackproplnput:Conv2DBackproplnput 15917000 3
1.52563445392312E+018 1.52563445393832E+018 Conv2D_1:Conv2D 15204000 12
1.52563445411306E+018 1.52563445411748E+018 Relu:Relu 4421000 14
1.5256344547475E+018 1.52563445475182E+018 BiasAdd:BiasAdd 4327000 21
1.52563445334996E+018 1.52563445335402E+018 gradients/MaxPool_grad/MaxPoolGrad:MaxPoolGrad 4058000
1.5256344532605E+018 1.52563445326456E+018 gradients/MaxPool_grad/MaxPoolGrad:MaxPoolGrad 4057000 4

Striving for simplicity: The All Convolutional Net, Springenberg et al. (2015)
Max-pooling can simply be replaced by a convolutional layer with increased stride.
No loss in accuracy on several image recognition benchmarks

¥ g kernels
v & 15171

» Hs memcpy
> operation_sync_/device:CPU:0
> operation_sync_/job:localhost/replic:
» H operation_sync_fjob:localhost/replic:
» 5 runtime_api
> scheduling
¥ e session

v 15171

= oxi7 [ Oxi6
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Example - Distributed CNN

def conv net(x, weights, biases, dropout):

tf.reshape(x, shape=[-1, 28, 28, 1])
convl conv2d(x, weights['wcl'], biases['bcl'])
convl = maxpool2d(convl, k=2)

with tf.device("/job:worker/task:0"):
conv2 = conv2d(convl, weights['wc2'], biases['bc2'])

conv2 = maxpool2d(conv2, k=2)
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Example - Distributed CNN

YiE6

w7
> % agrpc_send_request_tensor
> % hce_barrier
» B hee_copy
v B hee_kernel

v i 15946
e m
i

viE4 | |
= [job:master/replica:0/task:0/gpu:0;c0beBed51a213fe7; [ ] =
» By hee_barrier
v B hee_copy
v 527

v & 528
- ]l

v % hce_kernel 4

v i 507

» ks operation_sync_/job:worker/replica:0/task:0/gpu:0
> % stream_memcpy

-
& Tensor Coding &3
type filter text a —v
Name Legend 40000000+
v =l results =
[
S 20000000-
size2
+ [ results_remote ﬂ
size 0 \ /
size2 12:24:18.800 12:24:18.900 12:29 12:24:19.100 4:19.200 12:24:19.300

Output of Maxpool : 2048 x 14 x 14 x 32 x 4 = 51380224
51380224 bytes
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Example - Distributed CNN

def conv_net(x, weights, biases, dropout):

tf.reshape(x, shape=[-1, 28, 28, 1])

conv2d(x, weights['wcl'], biases['bcl'])

maxpool2d(convl, k=2)

conv2d(convl, weights['wc2'], biases['bc2'])

maxpool2d(conv2, k=2)

device("/job:worker/task:0"):
tf.reshape(conv2, [-1, weights['wdl'].get shape().as list()[0]])
tf.add(tf.matmul(fcl, weights['wdl']), biases['bdl'])
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Example - Distributed CNN

Function 12:20029.700 12:20:29. .i'.‘)T? 12:20:29.800 12:20:29.850 12:20:29.200 12:20:29.950 ‘IZ:ZU:TZISD.DUU 12:20:30.050
> I I | I I I I I
v 2
| /Job:master/replic... |
> &3
> 4
]

- % grpc_send_request_tensor
> % hee_barrier
> & hce_copy
v ﬁa: hce_kernel
v 14052

Y9
= [job:master/replica:0/task:0/gpu:0;c6c05540897 1adf4;,
> E@- hcc_barrier
¥ B hee_copy
A 32356

¥ ik 32357

¥ B hee_kernel
A 32338

&% Tensor Coding 3

type Filter text a — v
Name Legend 20000000+
+ = results(2) =
c
= 10000000 -
size2
v [ results_remote(2)
size 0

size2

12:20:29.700 12:20: 29.?516 12:20:29.800 12:20:29.850 :20:29.900 12:40:29.950 12: 20?30. 000 12:20:30.050

Output of Maxpool : 2048 x 7 x 7 x 64 x 4 = 25690112
25690112 bytes
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Conclusion

* Proposed a profiling tool / environment for TensorFlow
* Compatible with different TensorFlow versions depending on the GPU vendor
* Can help TensorFlow users to profile their application and improve it

* Can help TensorFlow developers (scheduling, performance counters, kernel

traces, ...)

Future work

= Distributed TensorFlow : between model parallelism and “parameter server” analysis
= High level API support : Keras or Horovod

= Extend TensorFlow instrumentation

= How to generalize this workflow and analysis to other dataflow applications using co-

processing units ?
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Thank you!

Questions?

https://github.com/pzins
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