More Is Less

Byte-quantized models are faster than bit-quantized models on
the edge
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e Reduce model size



Quantization

e Store and compute tensors at lower bit-widths

e Retain for various tasks
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Bit vs. Byte Quantization

FP32

Quantization

N
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Model 1: INTS8

Model 2: INT2

Does Model 2 run faster than Model 1?

On specialized hardware, YES.
But on ARM, NO.
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Existing Works
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QNNPack

Algorithm 1: Byte-quantized Convolution (QN-
NPACK)

\‘*bm 2: Tile Kernel

Input: activation tensor A of size H; X W; x Cj;; weig

F of size Co X Hf x Wy x Cj; stride s
Output: output tensor O of size H, x W, X

Register-level tiling |JThe parameters of register tiling, (c, )
on Kernel (I, k, 7):

1 for [=0to H, — 1 do —z— | Initialize the values of tile T as O in registers ;
2 [fOl'k,:OtOWO/O:—IdO j // Tile T is of size a X v
3 for 7' =0to C,/v—1 do for m=0to Hr — 1 do
4 k=k'xa, j=j4"x~ 4 for n =0to Wy —1do
5 Ollllk : k+a]lj : 7+ 7] = Kernel(, k, 5 | T +=ALSFI
B ]), // a register tile of size a X 7y _

6 return T




Problem 1: cache miss

Algorithm 3: Byte-quantized Convolution (MiL)
Input: activation tensor A of size H; x W; x C;; weight tensor

F of size Co X Hf Xx Wy X C5; strldes
Output: output tensor O of size H,
for | =0 to H, — 1 do Cache-level tiling
for ¥ =0to W,/W,;, —1 do

for ;' =0to C,/Cbhp — 1 do
for kk =0 to Wob/a—ldo

for jj =0to C,p/v—1do
( k = k"xWob-l-kkxa —

7=7 XCop+jjxXn Register-level tiling
7 Ollllk : k+allj:7+7] =
Kernel(l, k, 7)




Problem 2: underutilized registers

Algorithm 3: Byte-quantized Convolution (MiL)

Input: activation tensor A of size H; x W; x C;; weight tensor
F of size Cp X Hf X Wy X C5; stride s

Output: output tensor O of size H, x W,
for /=0to H, —1 do
for k' =0 to W,/W,;, — 1 do
for ;' =0to C,/Cyp — 1 do

1

2

3

4 for kk=0to W,/ — 1 do

5 for jj =0to C,p/v—1do

6 k=K X W, +kk X o
= ' x Cop + jj X7

7 Ollllk : k+allj:7+7] =

Kernel(l, k, 7)

S




Problem 3: low parallelism

Jason Andrews December 6, 2017

8 minute read time.

Arm'’s latest Cortex-A55 and Cortex-A75 CPUs, in addition to being based on DynamIQ technology,

implement new instructions, added in Armv8.4-A, to calculate dot products. The instructions are signed
dot product (SDOT) and unsigned dot product (UDOT). The instructions are optional, and can be included

in Cortex-A55 and Cortex-A75 to improve machine learning performance. There are various flavors of
SDOT and UDOQOT, but this this article explores an example using UDOT to calculate the dot product of 2
arrays. It shows how to calculate the dot product of four eight bit elements in a 32-bit register and
accumulate the result into a 32-bit destination register as shown below.



Experiments

 FP-NNPACK

» BYTE-TFLite
 BYTE-QNNPACK
» BYTE-Ours
 AxXWy-Riptide



Experiments

. 9—‘ .
BYTE-Ours BYTE-Ours
X 6“ \¢ 8"
O e O
r<f BYTE-TFLite < 7. o
Z  IAMW1-Riptide Zpg{ ®
o o
Lyl ® o L
o, A2W1-Riptide ' 51 A2W1-Rioti
4 ¢ S -Riptide
O O 4- ¢
%3- Q.
- 2,
3 5. BYTE-QNNPACK 8
] * B 2-
BYTE-QNNPACK
1 | | | | FP-NNPACK ¥ 1- | | | | | E— k.
44 46 48 50 52 54 56 58 60 62 64 66 68 70 7
Top-1 Accuracy (%) Top-1 Accuracy (%)

(a) AlexNet (b) VGGNet




Experiments

Speedup Over FP-NNPACK

—
1

N WO A2 OO O N O O

BYTE-Ours

BYTE-TFLite

Top-1 Accuracy (%)
(c) ResNetl8

|A1W2-Riptide
*
A2W2-Riptide
¢ BYTE-QNNPA;CK
FP-NNPACK %
56 58 60 62 64 66 68 70

Speedup Over FP-NNPACK

n
7 - BYTE-Ours
6- ®
BYTE-TFLite
5 .
A1W2-Riptide
4. ®
31 _
A2W2-Riptide
. .
BYTE-QNNPACK
*
1 | 1 1 1 1 1 EP-NNPAYCK“
60.0 62.5 65.0 67.5 70.0 72.5 75.0

Top-1 Accuracy (%)
(c) ResNet50




Experiments

Name Input Weight
HiXWiXCi COXHfXWfXCi,S
cl 27 X 27 X 64 192 X 5 X 5 x 64, 2
c2 13 X 13 X 192 384 x 3 x3x192, 1
c3 13 x 13 x 384 206 X 3 x 3 X 384, 1
c4 224 x 224 x 64 64 X 7 X 7 X 64, 2
cS 112 x 112 x 64 128 x 3 X3 x64,1
ch 56 X 56 X 64 64 x 3 X3 x 64,1
c’ 06 X 56 X 128 128 X 3 X 3 X 128, 2
c8 28 X 28 x 128 128 x 3 x 3 x 128, 1
c9 28 X 28 X 256 206 X 3 X 3 X 256, 2
cl0 14 x 14 x 256 200 X 3 X 3 X 206, 1
cll 8 X 8 X 512 1024 x 3 x 3 x 512, 1
cl2 7 X7 %X 512 012 x 3 x 3 x 512, 1
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Conclusions

 Byte-quantized model runs faster than bit-quantized one on ARM
 DotProd offers a new opportunity on ARM
* For byte-quantized models, MiL beats TFLite and QNNPack



