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AGENDA

Mixed precision training with Volta TensorOps
More aggressive training methods

FP16 training

FP16 masterweights
Nvcaffe floatl6 internals
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SOME TERMINOLOGY

Training values Matrix -Mult
storage Accumulator Name

FP32 FP32 FP32 training
FP16 FP32 Mixed precision training
FP16 FP16 FP16 training

With mixed or FP16 training, master weights can be FP16 or FP32.

Volta: Mixed precision training with FP32 master weight storage .
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VOLTA TRAINING METHOD
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HALFPRECISION FLOAT (FLOATL106)

floatl6

float

sign exponent fraction
(5 bit) (10 bit)
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FLOAT16 has wide range (29
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TRAINING FLOW
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TENSOR CORE 4X4KATRIXMULTIPLYACC

D =

FP16 or FP32

Coo Co1 Cop Cop

c1,ﬂ cI'1,.1 c1,1 c‘1,3

Cz,u Cz,1 Cz,z Cz,a

c3,ﬂ c3,1 c3, 2 c3,3

FP16 or FP32
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VOLTA TENSOR OPERATION

FP16 Full precision Sum with Convert to
storage/input product FP32 accumulator FP32 result

more products

F16 —__ PR
X + . F32
F16 — :
F32

Also supports FP16 accumulator mode for inferencing
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SOME NETWORKS TRAINED OUT OF THE BOX

TensorOptraining matched the results of F32 training
Samehyper-parameters as F32
Same solver and training schedule as F32
Image classification nets (trained on ILSVRC12):
No batch norm: GoogLeNetf VGGD
With batch norm: Inception v1, Resnet50

All used SGD with momentum solver
GAN

DCGANbased, 8-layer generator, 7 -layer discriminator

Used Adam solver
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GOOGLENET
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INCEPTION V1
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RESNETS0
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SOME NETWORKS NEEDED HELP

Networks:
Image classification: CaffeNet
Was not learning out of the box, even with F32 math when storage is F16
Detection nets:

Multibox SSD with VGGD backbone

d Was not learning, even with F32 math when storage is F16
Faster RCNN with VGGD backbone

d 68.5%mAP, compared to 69.1% mAP with F32
Recurrent nets:

Seq2seqwith attention: lagged behind F32 in perplexity

bigLSTM diverged after some training

Remedy 1 n all the cases: scal e t
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LOSSSCALING

To shift gradients dE/ dX we will scale up the loss function by constant
(e.g. by 1000):

layer {
type: "  SoftmaxWithLoss
loss _weight : 1000.

}

and adjust learning rate and weight decay accordingly:

base Ir : 6:04- 0.00001 # 0.01/1000
weight_decay : 0:8605- 0.5 #0.0005 * 1000
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MULTIBOXSSD: ACTIVATION GRADIENT

MAGNITUDE HISTOGRAM

Percentage of values during training

activation gradient magnitudes
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MULTIBOXSSD: ACTIVATION GRADIENT

MAGNITUDE HISTOGRAM

Become Qin F16
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MULTIBOXSSD: ACTIVATION GRADIENT
MAGNITUDE HISTOGRAM

Become Qin F16
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actigjation gradi :nt magnitudes
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MULTIBOX SCALING LOSS AND GRADIENTS

t. Foz fraining Loss scaled by 256

Consequently, gradients get scaled
by 256

By chain rule

Benefits:

Hardly any activation gradients
become O in F16

Most weight gradients become
normalized values in F16
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DETECTION TRAINING RESULTS

Multibox-SSDmAP.

F32: 76.9%
F16: 77.1%, loss scaled by 256
Wit hout scaling: doesndot | earn

TensorOq in flight

matching F32 at 74.1% mAP halfway through training

Faster-RCNNMAP.
F32: 69.1%

TensorOp 69.7%, loss scaled by256, without loss-scaling: 68.5%
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SEQ2SEQ TRANSLATION NETWORK

WMT15 English to French Translation

seq2seq networks with attention:

Based onTensorFlow tutorial
3x1024 LSTM
5x1024 LSTM

Word vocabularies:
100K English
40K French

SGD solver
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SEQ2SEQ: 3X1024 LSTM

Training Perplexity

(o)}

o

Y

—F32 refl

2.60
====F32ref2 il S -
— — F32ref3 - [l -
3 255 ~ -
\ Volta, loss-scale 1024 d%_ e T
--=-Volta loss-scale 1 :E’ 5 50 TNeeeee- Sao .
g -~ - S Necccccccccaaaa o
N \-\-\/*\- - o~ T
— ~ .~
W 2.45 — ~——
820K 840K 860K 880K 900K 920K 940K 960K 80K 1,060|<
Iterations
0K 100K 200K 300K 400K 500K 600K 700K 800K 900K 1,000K
Iterations

22 <ANVIDIA.



SEQ2SEQ: 5X1024 LSTM

3.2

Training Perplexity
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LANGUAGE MODEL

1 Billion Word Language Benchmark

BigLSTN

Based on OExploring the Limits of Langu

2x8192 LSTM, 1024 Projection
Plus a few variants

800K word vocabulary

Adagrad solver
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https://arxiv.org/abs/1602.02410

BIGLSTM2X8192 LSTM, 1024 PROJECTION
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Guidelines for Training
with Mixed Precision/ TensorOps
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TRAINING WITH MIXED PRECISION

AA number of cases train Oout of t
I F16 storage and TensorOpsfor fwd/ bwd pass: weights, activations, gradients
I F32 math for Batch Normalization parameters
i F32 omaspyd of weights for weights wupd

AWhen out of the box didndt wor k:

I Gradient values were too small when converted to F16
I Solved in all cases with loss scaling
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OBSERVATIONS ON GRADIENT VALUES

Percentage of values during training
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weight-grad >> activation -grad
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PART 2

More aggressive training exploration :
FP16 training
FP16 master weight storage
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ALEXNET: COMPARISON OF RESULTS

Topl Top5
Mode accuracy, % | accuracy, %

Fp32 58.62 81.25

Mixed precision training 58.12 80.71
FP16 training 54.89 78.12

FP16 training, loss scale = 1000 57.76 80.76

Nvcaffe-0.16, DGX 1, SGD with momentum, 100 epochs, batch=1024, no augmentation, 1 crop, 1 mode|<invioia



ALEXNET: FP16 TRAINING WITH SCALING

With loss scale factor = 1000, FP16 training matches other training
curves (TensorOpand FP32)

100 | Top 1 |

B0 b

cy [%]

Accura

200 b e ]

— A.IexNet_b.aseIine.
| — AlexNet_fp16_scaled1000

0 | | | 1 1 1
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lteration
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ALEXNET FP16 MASTER WEIGHT STORAGE

Can we avoid two weights copies? Can FLOAT16 be used for weight
update?

oVanill adé SGD weights wupdat e:
W(t+1) = W(t) - o W( t)
If we use floatl6é for pW t he product R* a&W(t)

Il nitially gradients a&W(t) are very
rate R whi cah* oW (dn ¢o into,subsoonal floatl6 range
Later gradients becomes | arggegW(bhit
becomes even smaller.
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ALEXNET FP16 MASTER WEIGHT STORAGE

There are a number of sol uti ons f o

For example to keep two copies of weights: float W, for updates, and
floatl6 W,for forward -backward pass:

Compute p\{(t) using forward-backward pass

Convert gradients to float: PW(t) =half2fjl@at ( pw
Update weights in float: WL (H+1)=W (1) - o * g\t

Make floatl6 copy of weights: W,(t+1)=float2half(W 3o(t+1))

Do forward-backward with W ...

SoW,, will accumulate small weights updates.
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ALEXNET FP16 MASTER WEIGHT STORAGE

Consider SGD with momentum:

Compute momentum H; H(t+1)= m*H(t) - t)

Update weights with H: W(t+1)= W(t) + H(t+1)

o Issmall, so &* qW( ¢an be very small and it can vanish if we
compute momentum in floatl6. Can we fix this?

DenoteD(t ) =cpWA$ 3 ume for simplicity +th
H(t+1)= m*H(t) -*D(t) = mMi)EHE{(D(N) - o* D(t ) =
- D)+ m*D(t  -1)+m 2D -2)+ nt*D(t -K)+ é ]

Moment works as average of gradients! s SAnvioia



ALEXNET FP16 MASTER WEIGHT STORAGE

Let 0s modi fy the original moment um
Compute momentum H: H(t+1)= m*H(t) - * W( t)
Update weights with H: W(t+1)= W(t) + H(t+1)



ALEXNET FP16 MASTER WEIGHT STORAGE

Let 0s modi fy the original moment um
Compute momentum G G(t+1)= m*G(t) + ~—ao—PW( t )
Update weights with G W(t+1)= W(t) I a*G(t+1)

Now G will accumulate average of coW( twhi ch donodot van

Weights update in floatl16 we use this schema:

Compute gpw(t) using forward -backward pass

Compute momentum: G(t+l) = m* G () +(pw

Update in float math: W=half2float(W () - &* hal f 2f | gt&l)) ( G
Convert result to floatl6: W, (t+1)=float2half(\W)

Do forward-backward with W ... 3 nvioia



ALEXNET FP16 MASTER WEIGHT STORAGE

With this fix we can have only one copy of weights in float16:

100

Top 1l

— AiexNet_béseIine
| — AlexNet_sfp16

0 I I I I | |
0 20000 40000 60000 80000 100000 120000 140000

lteration
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ALEXNET: COMPARISON OF RESULTS

Topl TopS
Mode accuracy, % | accuracy, %

Fp32 58.62 81.25
Mixed precision training 58.12 80.71
FP16 training 54.89 78.12

FP16 training, loss scale = 1000 57.76 80.76

FP16 training, loss scale = 1000,
FP16 master weight storage

58.56 80.89

Nvcaffe-0.16, DGX1, SGD with momentum, 100 epochs, batch=1024, no augmentation, 1 crop, 1 mode|<nvioia



INCEPTIONV3 RESULTS

Scal e 0ss function by 1C¢C

Topl Tops
Mode accuracy, % accuracy, %

Fp32 73.85 91.44

Mixed precision training 73.6 91.11
FP16 training 71.36 90.84
FP16 training, loss scale = 100 74.13 91.51

FP16 training, loss scale = 100, 73.52 91.08

FP16 master weight storage
Nvcaffe-0.16, DGX1, SGD with momentum, 100 epochs, batch=512, no augmentation, 1 crop, 1 mode{ <invioia




INCEPTIONV3 RESULTS
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