Mixed Precision Training
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« What is mixed-precision & Why mixed-precision
« How mixed-precision

« Mixed-precision tools on PAl-tensorflow

« Experimental results



What is mixed-precision

* mixed-precision
« FP32 and FP16
« More precision format in the future

e TensorCore

« Matrix-multiply and accumulate units

HETEBIE

COMPUTING PLATFORM

Convert to
FP32 result

« FP16 storage/inputs g Sum with
FP16 Full precision FP32
. FP32/Fp1 6 accumulator storage/input product accumulator
 Such as: -—|_O 1
X +
. Conv B I

« MatMul -

Figure 2: Volta GV100 Tensor Core operation.



Why mixed-precision e

« Two key points which matter in training/inference:
« Computation
 Tensorcore 8X higher throughput in MP than FP32 (15Tflops v.s. 120Tflops)

« Memory access

 Inputsis FP16

« Memory access is reduced by 2X



Overview 5) tHPEB

» What is mixed-precision & Why mixed-precision
« How mixed-precision
» Mixed-precision tools on PAl-tensorflow

 Experimental results



How mixed-precision

« Key Strategies in mixed-precision training

* |ssues using FP16 for training and the solutions

* Less bits in fraction: — Precision gap in sum

* Less bits in exponent: = Gradients underflow
« Arithmetic precision design

 Considering both efficiency and performance
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COMPUTING PLATFORM



Issues using FP16 for training

* Less bits in fraction: Precision gap in sum

« A+B, if A/B>219, B will degrade to zero.
« For FP32, the ratio can be up to 223

sign exponent fraction

(5 bit) (10 bit)

« Common in weight update: FP16

o WW+Ir"dW

fraction

(23 bit)
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FP32

* Less bits in exponent: Gradients underflow

e Gradients smaller that 2-24 will become zero
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Precision gap in sum ittt
« variables v.s. gradients

- weight update: W—W+Ir*dW (Ir normally in [10-7, 10-4])

nmimmmmmnmmmmm

Variables: 216 to 2-4 gradients: 230 to 2

Fig. Variables and gradients histogram in Faster RCNN

« Solution: Variables stored in FP32, and optimizer computation in FP32
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Gradients underflow in FP16 HHFE R
« Gradients of variables

var_gradients var_gradients
faster_rcnn_end2endfp16/voc_2007_trainval/logs faster_rcnn_end2endfp32/voc_2007_trainval/logs

2n-24

UL

7N
%«Q\ ‘__‘i////‘i}: iteration

\ 4

1 s exponent

FP16 FP32

Fig. Histogram for gradients of variables in Faster RCNN, respectively training in mixed-precision and FP32



Gradients underflow in FP16 AP

COMPUTING PLATFORM

« Gradients of activations

51

. act_gradients act_gradients
| faster_rcnn_end2endfp16/voc_2007_trainval/logs faster_rcnn_end2endfp32/voc_2007_trainval/logs
2A-24 | B
A will be underflowg |
% . in FP16
iy =
7/ s
— =
|
|
£ FP16 5 P32

Fig. Histogram for gradients of variables in Faster RCNN, respectively training in mixed-precision and FP32



Gradients underflow in FP16 o) HEPPESIE

64 FP16 Representable range
32

Become zero in FP16 FP16 denorms
16 - >

L > B - -

1/2

1/4

1/8
1/16
1/32

1/64

Percentage of all activation gradient values

1/128

1/256

1/512
0 -75-60-45-40 -38-36-34-32-30 -28-26-24-22-20-18-16-14 -12-10-8 -6 -4 -2 0O 2 4 & B8 10 1214 16

log,(magnitude)

Solution: gradients shift using loss scaling

10



Gradients underflow in FP16 HEPE S

 Constant loss scaling
« Scale the loss by a factor S

« Backprop to compute the dW
« Unscale dW by 1/S

« Automatic loss scaling
- Start with a large scaling factor S

« For each training iteration:
 Scale the loss by S
« Backprop to compute the dW
« Unscale dW by 1/S
 If dW contains Inf/NaN, the decrease S by a step factor S/step

« Otherwise, update dW to W
« If there is no Inf/NaN for N updates, the increase S by a step factor S*step




How mixed-precision sttt

« Key Strategies in mixed-precision training

* |ssues using FP16 for training and the solutions

* Less bits in fraction: — Precision gap in sum
« Solution: Variables stored in FP32, and optimizer computation in FP32
* Less bit in exponent: — Gradients underflow

« Solution: loss scaling



How mixed-precision sttt

« Key Strategies in mixed-precision training

« Arithmetic precision design

« Considering both efficiency and performance



COMPUTING PLATFORM

Arithmetic precision design tEFEPUE

« Arithmetic can be categorized into: Take advantage of Tensorcore:
) * Inputs: FP16
1. Compute-bound ‘ * Accumulator: FP32
- Convolution, Matmul * Outputs: FP32

2. Memory-bound

@ Reductions - * Inputs/Ouputs in FP16
« Batch-norm/layer-norm/group-norm * Computation in FP32

« Softmax / Average pooling

@ Element-wise operation
* |nputs/Ouputsin FP16

- Add/mul, etc ‘ * Computation in FP16
* Computation in FP32

14



Arithmetic precision design i

« Compute-bound operations:
* Inputs in FP16

« Computation using Tensorcore
« Outputs in FP32

« Memory-bound operations:
* Inputs/outputs in FP16
« Computation in FP32



How mixed-precision training it

FP32 training baseline

Forward
— FP32 Vars - (in FP32) - Loss
Apply_gradients
Backward
FP32 grads |- (in FP32) -
Optimizer related —>should be in FP32 Computation: forward and backward —>Can be in MP

16



MP training (var in FP32): 855 IE

e Convert the computation part to MP COMPUTING PLATFORM

* Remain the optimizer part in FP32

tfcastivar, tffloatli)

»| P32 Vars l » P16 Vars |—pe FOrward »  Loss
(in MP)
Apply_gradients
Backward
FP32 grads |- T FP1l6 grads - (in MP) -
imi . Computation in MP
Optimizer related: in FP32 tfcast(var. tFflbat32) P

17



MP training (var in FP32):

* Loss Scaling strategy (constant scaling)

Apply_gradients—e

“Inv(scaling)

T

AP

COMPUTING PLATFORM

FP32 Vars |———  FP16 Vars Forward
(in MP)
FP32 grads FP16 grads Backward

(in MF)

- Loss

'

*scaling

18



MP training (var in FP32):

* Auto Loss Scaling strategy

=) HEFGHE]

COMPUTING PLATFORM

: Forward
Apply_gradients-ie FP32 Vars — FP16 Vars —rl- in MP) — Loss
‘Inviscaling)
A Y
/\ 1. skip update
-2—No Is_overflow Yes - 2. downscale update——-—m= *scaling -

\/ scaling factor

FP32 grads | P16 grads  |la—] Backward g
(in MP)

Is_stable for Ves > upscale scaling update

certain iters

factor

19



MP training (var in FP32): S BT
— | (] 0

* Auto Loss Scaling strategy COMPUTING PLATFORM
Appiy_gradients-l'- P32 Vars  f——— | FPL6Vars  ——> F(?r:":ﬂ"’;? - »|  Loss
*Inviscaling)
Y

i .
/\ 1. skip update

-—No Is_overflow Yes - 2. downscale update——= *scaling
\/ scaling factor

Backward
FP32 grads |- FP16 grads ~— (in MP) B

20



MP training (var in FP32):

* Auto Loss Scaling strategy

Appiy_gradients-h—

*Inv(scaling)

A

FP16 Vars —

Forward
{in MP)

=) RS BIsE

COMPUTING PLATFORM

Loss

Y

*scaling -

FP32 Vars —
FP32 grads |-

is_stable for
certain iters

FP16 grads -

Backward
{(in MP)

upscale scaling

Yes

factor

update
21



MP training (var in FP32):

* Auto Loss Scaling strategy

=) HEFGHE]

COMPUTING PLATFORM

: Forward
Apply_gradients-ie FP32 Vars — FP16 Vars —rl- in MP) — Loss
‘Inviscaling)
A Y
/\ 1. skip update
-2—No Is_overflow Yes - 2. downscale update——-—m= *scaling -

\/ scaling factor

FP32 grads | P16 grads  |la—] Backward g
(in MP)

Is_stable for Ves > upscale scaling update

certain iters

factor

22



Overview HETLEE

« Mixed-precision tools on PAl-tensorflow



MP training tools on PAI-TF

« Graph Optimization + Loss Scaling Training Strategy

& TasE

COMPUTING PLATFORM

« Graph Optimization: AutoMixedPrecision Graph Optimization Pass

FP32 graph_def

Automatically conversion

»

MP graph_def

« MP Training Strategy: MP optimizer wrapper

« Wrap the standard optimizers to automatically adopt the constant/automatic loss
scaling strategy

« opt = tfcontrib.mixed precision.MixedPrecisionOptimizer(opt)

« Both constant/automatic loss scaling supported

Mixed-precision optimizer

Standard optimizer




Experimental results HETEBD

COMPUTING PLATFORM

« ResNet50 on ImageNet

accuracy_test

accuracy_test

0.700

0.600

0.500 -

0.400

0.300

0.200

0.100

0.000 50.00k

r=
LdJ

Name
ResNet50_MP_constant_scale_64/.
ResNet50_MP_no_scaling/.

ResNet50_auto_scaling/.
O ResNet50_baseline/.

100.0k

Smoothed
0.6538
0.6526
0.6571
0.6520

160.0k

Value

0.6567
0.6546
0.6557
0.6444

loss_scaling
loss_scaling

5.000e+5
4.500e+5
4.000e+5
3.500e+5
3.000e+5
2.500e+5
2.000e+5
1.500e+5
1.0008+5

200.0k 260.0k 300.0k 360.0k 500084

0.000 50,00k 100.0k 150.0k 200.0k 250.0k 300.0k 360.0k 400.0k 450.0k 500.0k

Time Relative

Thu Jun 28, 17:15:08 1d 23h 34m 29s
Sun May 20, 20:39:00 3d 22h 23m 43s
Thu Jun 28,19:33:26 2d 1h 51m 20s
SatJan27,02:55:13 2d 7h5m 1s 25

Name Smoothed Value Step Time Relative

(@ ResNet50_auto_scaling/. 1.3419e+5 1.3107e+5 340.5k FriJun29,09:29:13 2d 15h 48m 52s




Experimental results
« Faster RCNN (VGG backbone) on PASCAL VOC 07

FP32(baseline)

FP16(no loss scaling)
FP16(constant scaling=8)
FP16(constant scaling=64)
FP16(constant scaling=256)
FP16(constant scaling=4096)

FP16(auto scaling)

mAP

69.48

67.83

69.71

69.96

69.78

69.74

69.68

mAP Diff

-1.65

+0.23

+0.48

+0.30

+0.26

+0.20

& TasE

COMPUTING PLATFORM
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Experimental results i
« SSD (VGG backbone) on PASCAL VOC 07+12

WK E loss scalingR g mAP

FP32 NO 77.46 (baseline)

Mixed precision NO diverge
constant (=64) 77.63

auto scaling 77.42

27



Experimental results i

« Small NMT on WMT German-English

» Encoder: 2 layers
« Decoder: 2 layers with attention

B E Scaling R & BLEU
FP32 NO 23.68

Mixed-precision Auto scaling 23.79



PGAN 5 HETESI

* PGAN (Progressive growth of GAN)

Latent Latent Latent
‘
* c_‘@ A
8x8 [[ l]
: L |
L |
H : L |
f E ( )
' L ]
i ‘ 4x1024
B. BR. - R
' Reals . Reals . :.Reals
D : | ax1024
- : ( J
o - ( )
L ]
3} L |
B Y [ 1
2 &8 | G J
—
Training progresses >

29
Karras, Tero, et al. "Progressive Growing of GANs for Improved Quality." Stability, and Variation.



PGAN & TasE

COMPUTING PLATFORM

e G loss

O fp16-noscaling/.

-0.6800) fp16-scauto-scaling/.

fp32/.

-1.00
-1.40
-1.80
-2.20

2.60
-3.00

Q.000 3.000M  6.000M  9.000M

30
Karras, Tero, et al. "Progressive Growing of GANs for Improved Quality." Stability, and Variation.



PGAN 5) TSR

» Generation results (cifar10 dataset)

mp-auto-scaling mp-no-scaling

sliced_wasserstein 9.3764 9.1662 7.9601 31



Font Generation =) HETEHE

COMPUTING PLATFORM

sample par
Generator  mamsnns , ! \ Category1, 0.1
\ \ 1 ‘l— E : {Cateqoryz, 0.7 Category Loss
- Y 1d8 ! f— | |
N t \ - l— H E E CategoryN, 0.02
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Note: (=) denotes element-wise subtraction

32
Pyramid Embedded Generative Adversarial Network for Automated Font Generation



Font Generation o) HEPrESiE

e G loss

g joss

33
Pyramid Embedded Generative Adversarial Network for Automated Font Generation



Font Generation ek
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« Generation results (E£f&%|&(K)

fp32 mp-no-scaling mp-auto-scaling
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Wide & Deep Learning o

 Predict the probability that the individual has an annual
income of over 50,000 dollars

Ve / Output Units /S

o L S -/ -/ -4
Hidden Layers

o I S -7/ -7 -4

Dense
[ N [ N Embeddings @ @ o0
Sparse Features
Wide Models Wide & Deep Models Deep Models

Figure 1: The spectrum of Wide & Deep models.

Wide & Deep Learning for Recommender Systems



Wide & Deep Learning 5} TS B

COMPUTING PLATFORM

* Loss
loss
fp16/eval
200 O fp32/eval
18.0
. Accuracy 84.31% 84.27%
14,4
12.0

36
Wide & Deep Learning for Recommender Systems



|\/|Ol‘e tI‘yI Sma” iﬂpUtS (for normalization layers) ﬂfffﬂﬁﬂ

« Underflow in FP16 gradients
« Design the model to be more adaptive to FP16 representation

« Move the gradient itself into the FP16 representable range
« Especially the activation gradients

« Batch normalization

Input: Values of z over a mini-batch: B = {z1..m };

Output.P a{r;m fte];;m:’&k;?med: .5 e BN will stand for Batch Norm.
. T B i
-  f represents a layer upwards of the BN one.
1 . . : . :
g o > /I mini-batch mean e yis the linear transformation which scales x by y and adds f.
=1

e X is the normalized inputs.

1 m
2 2 allls .
oR — — T; — // mini-batch variance :
55 m 2( he) e uis the batch mean.
A xi;’f’ T/ — e o2 is the batch variance.
\/G'B €

Yi < 7Z; + B = BN, g(z:) // scale and shift

37



Small input

» Derivatives of BN layer

¥ 3T

Xj

m

af _ 65&1 j=1 aJ%J j=1 a.i}
ox; my/o* + €
0
/ x O(1/0)
8-’1’}1‘

HETEBIE
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Smaller Inputs and Bigger derivatives

* Reduce the magnitude of the inputs

* Reduce magnitude of the forward
activations, so as to reduce the
overflow in forward propagation when
using FP16

* Improve the magnitude of the
derivatives

* Tips for Network with BN:

* Normalize the layer to have std to be
1/S rather than 1.0

38




COMPUTING PLATFORM

Small inputs LB

Q@ nbaseline/.

« ResNet32+CIFAR10 small_input8/.

« Activations and the gradients

ResNet_MP/ResNet_MP/act_amean ResNet_MP/ResNet_MP/act_grad_amean

1.80 1.400e-4
160 1.200e-4
1.40
1.000e-4
1.20
8.000e-5
1.00
0.800 6.000e-5
060 4.00Ce-5 %
0.400
2.000e-5
0.200
o f— 0.0
0.00
0.000 1000k 2000k 3000k 4000k  50.0Ok 600Gk 7000k 8000k 9000k 1000k 110.0k 0000 1000k 2000k 8000k 4000k  S50COk 800Gk 7000k 8000k 9000k  100.0k  110.0k

activations activation gradients
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Small inputs
« ResNet32+CIFAR10

« All without loss scaling

WERBE
FP32
Mixed-precision

Mixed-precision

Input scale
1.0
1.0

1/8.0

Accuracy
93.58
93.41

93.43

HETEBIE

COMPUTING PLATFORM
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COMPUTING PLATFORM

Small inputs LB

« SSD on PASCAL VOC 07+12 @ baseline;.

- Activations and the gradients small_input_64/.

o 0.0160

1.2008+4 00140

1.0008+4 0.0120

8.00e+3 \\ 0.0100

6.006+3 "N\“\_% | 8.000e-3

AL ORI SR L R S

4,00e+3 6.000e-3

2.00e+3 4.000e-3
0.00 P ° oLl (Y e 2 2 AL A b 5 L ——
2.000e-3 \

0.000 20.00k 40,00k 60.00k 80.00k 100.0k 120.0k

0.000 20.00k 40.00k 60.00k 80.00k 100.0k 120.0k

Smoothed Value Step Time Relative
@ baseline/. 5111 6189 59.30k SatJun9,09:31:17 14h43m 25s

Smoothed Value Step Time Relative

baseline/. 2.7457e-3 2.3641e-3 71.50k SatJun9,11:53:02 17h 5m 10s
small_input_64/. 5.1049e-3 4.8069e-3 71.50k SatJun9,11:58:27 17h 8m 25s

O small_input_64/. 210.3 229.7 59.30k SatJun9,09:34:53 14h44m 52s

activations gradients
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Small inputs ittt
« SSD on PASCAL VOC 07+12

« Activations and the gradients

VB E loss scaling =k Bg mAP mAP
(standard input) (small input, scaled
1/64)
FP32 NO 77.46 (baseline) 77.25
Mixed precision NO diverge 77.75
constant (=64) 77.63 77.56

auto scaling 77.42 7717
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Conclusion tTRvasE

« Mixed-precision tools have been supported on PAl-tensorflow

« More effort is still conducted to explore more in mixed-
precision
« More precision supported
« More training strategy
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Thank you



