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Sony’'s Product

Ears
S E

Deep Learning is being utilized in many application domains.

SONY 2 | 20200221  Sony Corporation R&D 24— ENEAEIF— TABCISS Y RF v LY Y2019 RMES



Sony's deep learning software

=- Neural Network Console m Neural Network Libraries

(2 ] dl.sony.com o nnabla.org

CNN (Lenet5)

Corwolut MaxPoal Corwolut MaxPool -
O & O i O] o PO PO i PO o pO-] = pOs] = OS] = O

X = nnabla.Variable((batch_size, 1, 28, 28))
cl = PF.convolution(x, 16, (5, 5), name='cl")
cl = F.relu(F.max_pooling(cl, (2, 2)))

c2 = PF.convolution(cl, 16, (5, 5), name='c2")

c2 = F.relu(F.max_pooling(c2, (2, 2)))
f3 = F.relu(PF.affine(c2, 50, name='f3"))
y = PF.affine(f3, 50, name='f4")

GUI based deep learning IDE Deep learning framework with Python API
Windows Desktop (free) & Cloud (paid) Open source (Apache 2.0 license)

Intuitive, fast and easy to deploy
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{3 EDIT TRAINING EVALUATION image_recognition.CIFAR10.resnet.resnet-110 @y DATASET {§} CONFAG [ FB N

Components Main X Controller
Q search SO <4 a0 @ 100% @ Action v B wone
v 10
gt Input la‘_ Train [0 Structure Search
v Loss Dataset - x
SquaredError Evaluat
Huberloss
AbsoluteError ABCI Standard
Epsiloninsensitivel oss i'u'lulS-:aIa_E o sl ——
BinaryCrossEntropy Value - 1.0 : |
SigmoidCrossEntropy AddScalar 2 % G.large GPUx 4
Value - 0.0 -
CategoricalCrossEntropy
Convolution A i
SoftmaxCrossEntropy KemelShape - 3.3 [ See Spec & Price
KLMultinomial RepeatStart 3
-~ R - : Overview Main <
Layer Property -
halization | x18 gy
R RelU_2 x18 g
Convolution 2 x18 .. .
KemelShape - 3,3 =
: =
5 x18 ‘E: =
Neural Network- onsole x ABCI

Training can be distributed over GPUs by just clicking a couple of times in GUI



Neural Network Libraries

Format
Converter

Model -

Format

3rd party

Programming nnabla nnab.la Framework
LR HINCEE  (C++, Python, CLI) C-runtime -
/Runtime
. - oo . TE,.RyTorch, TensorRT,.SNPE.etc.
Compute a2y =
backend CPU CUDA OpenCL CPU ARM CMSIS

OS Linux, Windows, macOS, Android, iOS, RasPl, Embeded etc.
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Why large scale training is important? 1/2

Bigger models are better in performance (accuracy)

Recognition cite: GPipe Generation Cite: BigGAN
Class conditional image generator
0.85 AmoebaNetB(6, 512)
= e
3 AmoebaNetC(6, 228)
g 0.82 NasNetA. ‘EvENet
8 ResNeXt-101
% 0.79 Regdet152
e ®
!6 Inception3 1 ) 9
XS] X
5 Image generation models has also become
I | | blgger (requires 512 cores TPUv3 pod to train)
6 60 608 Batch Param (M) | Shared | Skip-z | Ortho. | Ttr x10° FID IS
Network size (bigger) 256 64 815 SA-GAN Baseline 1000 18 65 52.52
512 [ 64 X X X 1000 T (ZL.18)
Biggest models win in e Biggerxr [ * [ * [ 1 1"‘ BetterZia
e 2048 | 96 | 1735 X X X | 295(£18) [ 9.54(£0.62) | 92.98(+4.27
recognltlon tasks 3048 | 96 | 160.6 7 X X 185Ei11§ Q.IS%iO.IS% 94.94§ii.32%
2048 | 96 | 1583 7 7 X | 152(£7) | 8.73(£0.45) | 98.76(£2.84)
2048 | 96 |__1583 U 7 % 7 | 165(£13) \8.51(£0.32) | 99.31(£2.10))
2088 | 64 | 713 7 7 7 | 371(£7) | 10.48(+0.10) | 86.90(+0.61)
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Why large scale training is important? 2/2

Large dataset gives better performance Data size becomes bigger

Target task: ImageNet

Source task
0 ImageNet (target = source) |
84.2 g3 483.684.2 Instagram (940M, 1.5k tags)
Instagram (1B, 8.5k tags)

80| 79.6 - J
Instagram (1B, 17k tags)
Instagram (3.5B, 17k tags)
70+ T
60+ .
55.6 55.8 56.0
53.555'2-—
| ll g |
46.0
= |

40+ Pretrain on bigger dataset gives
tter performance

1,000 5,000 9,000
Number of classes in target task (ImageNet)

GAN progress on facial generation

https://twitter.com/goodfellow ian/status/10849735962361446407?s=20

ImageNet top-1 accuracy (in %)

https://research.fb.com/publications/exploring-the-limits-of-
weakly-supervised-pretraining/

Bigger model, dataset, and data size impose large memory and training time
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https://research.fb.com/publications/exploring-the-limits-of-weakly-supervised-pretraining/
https://twitter.com/goodfellow_ian/status/1084973596236144640?s=20
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Deep Learning is being utilized in many application domains.
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« TEHEH
Large Scale : KW %< DOGPUDFIA
« Large Batch : ZT@Z #7549 XU [cx LT Large Batch TEEAJREICT S &

v
ABCI Grand Challenge©lmageNet/ResNet-50(C & 2 R HFB Ok 28 L CHIRER
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ImageNet/ResNet-50 with ABCI

The time of ImageNet/ResNet-50 training

Bl Time to train [sec] ===batch size

= égg 630 sec/bs=34k || 224 sec/bs=34,68k

2 £00 65536
g 400 _‘*C_”
. 233 | 112 sec/bs=54k | ! 68 sec/bs=96k | 32768 E
E o max bs=128k

5 I N
Jul. 2018 Oct. 2018 Feb.2019 Oct. 2019
Publish date

o We are studying distributed training to train DNN models in shorter time.

« And to benchmark our framework, we have published the training results of
ImageNet/ResNet-50 that contain the time of training, the final accuracy and techniques

for large batch training.
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DNN Training on single GPU.

SNy FEH
FET Ity NEEERYA D "I Z/)\yF" IZREIL
FEEEYIRU(FEE Iteration) BHS/INSTA—F(EH)E2FH L TWLL

CHO1EDEET—YE%
| J\w FH 1 Z(Batch Size) & I3
28 Itciration
4 \

- - FERR FERT
—7—%7 '9 I _}%j ) > ------------- I >
DNN:ET)L 2EEETIL

WE

1DDOworkerc= Z)\w F5E

i
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Data-parallel distributed DNN Training

]

S
S
i

EBEworkerT=TZ /Ny FZFH : ZERIC/I\NOA—4

23 Iteration
A

yamm ! FBRT
M_ | i%ﬂ > | >| lllllllllllll l > Hjj]
smr—s [ L2, \_| | e D
DNNEFIL 3532 FBHESI
e > T T —y
w8 workerctd I Z/Ny FHEH YUBTEBINS A —F Z[FEH
-
E: _ =l /(555
GPU GPU
GPU GPU #8 #3
= i % e WL IS,
GPU GPU
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Problems of distributed large-batch training

1. To achieve convergence with very small number of update steps
 The larger the mini-batch size is, the more number of GPUs we can use.

 However, larger mini-batch size also makes it more difficult for convergence.

Mini-batch size will be N-times size, if using N GPUs.
The point is developing the way to train even with large mini-batch size.

2. Toreduce gradient synchronization time

 Ring topology becomes too slow, if using more than hundreds of GPUs .

The point is developing a topology (for collective communication) which allow
for an efficient synchronization even with the thousands of GPUs.
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Large Batch ZE THBE#H{LT 3 EH

EJMDE%E HAED L
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Training Function

! Testing Function
I

Flat Minimum Sharp Minimum

X N. S. Keskar et al. “On Large-Batch Training for Deep Learning:
Generalization Gap and Sharp Minima” ICLR 2017
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ImageNet/ResNet-50 with ABCI

SONY
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The time of ImageNet/ResNet-50 training

I Time to train [sec]

630 sec/bs=34k || 224 sec/bs=34,68k

A

Jul. 2018 Oct. 2018

—hatch size

65536

Publish date

Batch-size Control

2020.02.21
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112 sec/bs=54k || 68 sec/bs=96k | 32768
max bs=~128k
I N

Feb.2019 Oct. 2019

Batch size

A

STILL optimizer
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Overview of common techniques for large batch training

Learning rate warmup* Label Smoothing***
- Linearly scaling up LR in several epochs. - Smoothing i-th label of Softmax output q
(0 <€ <1,Kisthe number of classes.)
0.4
% _—gt%sin e%gcay . .
0.3 P y —_ J—
w=1""° fi=y, 4)
Ly T T | e/(K —1) otherwise,
. ’ “ " Eggc“ ” o 0 *** C. Szegedy et al Rethinking the Inception Architecture for Computer Vision
Warming up LR. ;) Learning Rate Schedute (arxi\}.orq?absy/w512.00567) ) P P
LARS optimizer** Zero-y-init**
- Layer-wise Adaptive LR Scaling with the ratio of - Initilizing vy of batchnorm in residual path to O.

weights and grads.

[|w']
AE - X llllllll — —
"IN L))+ B+ J[w]] — conv BN Relu
*Y. you et al. Large Batch Training of Convolutional Networks (arxiv.org/abs/1708.03888) T |n It V= O here_

** P Goyal et al. Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour (arxiv.org/abs/1706.02677)

Up to 64K mini-batch these are enough to train.
However we need another technique to increase batch-size more and more !
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https://arxiv.org/abs/1708.03888
https://arxiv.org/abs/1706.02677
https://arxiv.org/abs/1708.03888

STILL : Smoothly Transition from LAMB* to LARS.

e We proposed the new optimizer “STiLL" that uses two optimizer, LAMB and LARS at the

same time.

o STILL starts from LAMB:LARS=100:0 to update the weights, then it linearly changes the

ratio of them during warmup duration.

o After the warmup duration, it uses only LARS to update weights.

C T (f(w,g,0) = update function |
L w+1) =w() - f(w,g,t) w = weight !
: g = gradient !
: fw,g,t) = Orars (t) * Irygrs () * LARS(W, g,t) + O1qmp (t) * lrigmp * LAMB(w, g, t), t < Twarmup t = current step ::
:: 9 Iriqrs () * LARS (w, g, ©), t = Twarmup ) lr = learning rate ::
Twarmup = duration of lr warmup
" 10 (0 t 1y, (0 P "
:: Brars (t) = { lars ) + - ( . lars ) ) | B0 (t) + O1amb O =1t< Twarmup Biars (t) = ratz.o of LARS update |
| Mars (Twarmup) warmup Irigrs (Twarmup) | B1amp (t) = ratio of LAMB update

*Y.You et al, Large Batch Optimization for Deep Learning: Training BERT in 76 minutes
https://arxiv.org/abs/1904.00962
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Why we mixed them?

« We expected that LAMB accelerates convergence in the beginning of training and LARS

helps to get better generalization performance by combining them.

l batch training with LARS and LAMB (these cases did not converge.)

400 I 1 1 I 1 1 1
X LARS bs=72K

LAMB is initially faster like Adam LAMB bs=72K |

9]
o
T

I
o
]

LARS reaches better solution
like Momentum SGD

)
o
T

Validation Accura

0 10 20 30 40 50 60 70 80 90
Number of Training Epoch

o
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Experiments(1): Performance comparison with LARS, LAMB and STiLL

o Firstly, we conducted ImageNet/ResNet-50 training while changing optimizers, “LAMB”,
“LARS" and “STiLL", and increasing batch-size from 72K to 96K.

e STiLL outperforms “LAMB" and “LARS” in the final validation accuracy.

Training curve of LAMB, LARS and STiLL Top-1 accuracy of ImageNet/ResNet-50

80 model after training for 90 epochs
70
60
50
40
30
20
10

0

Mini-BatchSize! LaMB T Lars T sTiLL

712K I 70.9% I 75.5% I 76.1%

80K i N/A I 75.1% I 75.9%
||

96K N/A : N/A : 75.5%

BS=72K vanilla LAMB ———
BS=72K vanilla LARS ——
BS=|72K S'll'iLL E—

Top-1 Accuracy[%)]

|
0 10 20 30 40 50 60 70 80 90

#epoch
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Experiments(2): Training longer epochs could give better performance

« Then we made extra experiments to see if the model get better generalization
performance by training longer epochs.

e |n the result, the model could reach good solution even over 100K batch training.

Training curve

Settings —
- Use the same settings as the previous exp. 751
70
'_BS -
'—BO -
ol
Results Q45|
g0t
- cooch L pary  Acc 5%
3072 76.19% 3ol
i |-
>15 _
0 10} bs=96K 110epoch
128K 150 4096 7612 % o | | bs=128k 150epoch .
0 0 20 40 60 80 100 120 140
Number of Training Epoch
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Other Technique - Smoothout, that strengthens regularization.

« Smoothout* is one of the reqgularization technique proposed by W.Wen.
1. Add noise from Uniform dist. to the weights before forward computation.
2. Do forward and backward computation.
3. Sub. noise from the weights.
4. Update weights.
 “Smoothout” can avoid sharp-minima, that is more important in large-batch training.

We use this over 64K batch training.

D3y
[y . I_rx._.,--\ S -
3 85| | '
g 4l LC(w) |
3 1
Y T '. .' |
& 1t
| ) | |
nEﬁ 65+ | [ |
g sf
5 53 " |
[_| A3F Flat I'I
_-',.__m e Shﬂ!p!
45k - - - . - - L + B B + + -
P et ! : ’ o g 2.7 7 *W.Wenetal SmoothOut: Smoothing Out Sharp Minima to Improve Generalization
@ T tegi:l:g:‘:fil:cﬁ()ﬂ (ﬁmm:%;“ in Deep Learning https://arxiv.org/abs/1805.07898
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https://arxiv.org/abs/1805.07898

ImageNet/ResNet-50 with ABCI

The time of ImageNet/ResNet-50 training

Bl Time to train [sec] ===batch size

= égg 630 sec/bs=34k || 224 sec/bs=34,68k

2 £00 65536
g 400 _‘*C_”
. 233 | 112 sec/bs=54k | ! 68 sec/bs=96k | 32768 E
E o max bs=128k

5 I N
Jul. 2018 Oct. 2018 Feb.2019 Oct. 2019
Publish date

o We are studying distributed training to train DNN models in shorter time.

« And to benchmark our framework, we have published the training results of
ImageNet/ResNet-50 that contain the time of training, the final accuracy and techniques

for large batch training.
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e Large Batch ZFHDHIRER
Batch Size Control, STIiLL & & F i
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Question?
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SONY is a registered trademark of Sony Corporation.
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