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These slides contain/adapt materials developed by

P> Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In:
Proc. ICML, pp. 1737-1746

P Ritchie Zhao et al. (2017). “Accelerating binarized convolutional neural networks with
software-programmable FPGAs”. In: Proc. FPGA, pp. 15-24

> Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary
convolutional neural networks”. In: Proc. ECCV, pp. 525-542
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* Very Expensive

State of the art recognition methods

* Memory
* Computation
* Power




Overview

Fixed-Point Representation

Binary/Ternary Network

Reading List

4/9



Overview

Fixed-Point Representation

5/9



Fixed-Point v.s. Floating-Point
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Fixed-Point v.s. Floating-Point
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Fixed-Point v.s. Floating-Point
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Fixed-Point Arithmetic

Number representation(IL,FL)

Integer Fraction
A Il

.t oj
IL FL

Word Length WL = IL + FL

Granularity 2~ FL

Range [721L—1’ 9IL—1 _ 2—FL]

Convert (z, (IL,FL)) =
_oIL-1 if g < —olL—1
9IL—1 _ o9—FL ifg > ol—1 _9-FL

Round(z, (IL,FL)) otherwise

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.
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Fixed-Point Arithmetic

Number representation{IL, FL)

Integer
A

.t oj
IL FL

Word Length WL = IL + FL

Fraction
L

Granularity 2~ FL

Range [721L—1’ 9IL—1 _ 2—FL]
Convert (z, (IL,FL)) =

_oIL-1 if g < —olL—1
ifg > ol—1 _9-FL

otherwise

9IL—1 _ o—FL

Round(x, (IL,FL))

Multiply-and-ACCumulate

a; b;
(ILs, FL1) (IL,,FLo)
d
z = Zi:l aibi
I
WL-bit
Convert(z, (IL, IF)) multiplier
Wide accumulator (48-bits)
(DSP MACC)
z
Convert() [(DSP ROUND)
LI eI
IL FL

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.
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Fixed-Point Arithmetic: Rounding Modes

Round-to-nearest

o
l-c  lz)  lel+e lu+2e
I €T I
N
<e —Y ¥ >
lel—c L&) lelte lof+2e

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.



Fixed-Point Arithmetic: Rounding Modes

Round-to-nearest Stochastic rounding

= Non-zero probability of rounding to
either [z or [z] +€

I I : I =z I
ril | : ?l ..... ;

e $ $ o> | <o $ 3 o>
lz| —€ |z lz] +e |z +2€ ! |z| —€ lz] lz] +€  |z|+2€
: l i Round (z, (IL,FL)) =

i _’i : [x] w.p. 1— @
<o ¥ v ¥ -> E |lz] +€ wp. #
lz] —€ Ed 2] +e  [z]+2e !

= Unbiased rounding scheme:
expected rounding error is zero

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.
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MNIST: Fully-connected DNNs

Round to nearest, WL = 16 Round to nearest, WL = 16
T T T L 5 T T T T LT
1 0 ﬂLower precision ] 45 4 Lower precision
S s 4
£ ot SEReSeE T 351
o | Sess,, o T EH e 3
€ 001 . 8
S : § 251 7
= \ ool |
0.001 Sy 3
1.5
0.0001 1 1 1 L 1 L
0 5 10 15 20 25 30 0 5 10 15 20 25
Training epoch Training epoch

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.
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MNIST: Fully-connected DNNs

Round to nearest, WL = 16 Round to nearest, WL = 16
T T T L 5 T T T T LT
1 0 ?‘Lower precision 45 4 Lower precision
S s 4
:1;) 0.1 R == =N 9} 3.5
o | Sess,, o T EH e 3
€ 001 . 8
S : § 251 7
= \ FoooL |
0.001 ) N
1.5
0.0001 1 1 1 L 1 L
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Training epoch Training epoch

= For small fractional lengths (FL < 12), a large majority of weight updates are
rounded to zero when using the round-to-nearest scheme.

= Convergence slows down

= For FL < 12, there is a noticeable degradation in the classification accuracy

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.



MNIST: Fully-connected DNNs

Stochastic rounding, WL = 16

0.01

Training error

0.001

Stochastic rounding, WL = 16

0.0001
0

= Stochastic rounding preserves gradient information (statistically)

= No degradation in convergence properties

= Test error nearly equal to that obtained using 32-bit floats

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.
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FPGA prototyping: GEMM with stochastic rounding

| 8GB DDR3 SO-DIMM | Input FIFOs:Matrix B
3 T =
~ _.-"7 nxn
AXI Interface to Top T Systolic
DDR3 Controller LT

iy |

-7 - I

4 T .- I

READ WRITE (¢ Systolic Array . N :

(SA) of Computation = I

J Multiple-and-, o 1

L2 ACCumulate’ ¥ B 1 : N 1

Cache P|L2-to-SA[¥ (MACC) units el . 1 MACC units I

(BRAM) | 1 N | (e array) .

5 1 : :

Xilinx Kintex K325T FPGA Tl £ 1 1

o o - e |

Communication I

<5 e e e e e e
Top-level controller and memory hierarchy Wavefront systolic array for computing

designed to maximize data reuse matrix product AB. Arrows indicate dataflow

21

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.



Maximizing data reuse

Matrix A Matrix B
- INxK] _  _[KxM_
Inner Loop:
ip.n rows Cycle through columns of Matrix B

(M/n iterations)

Outer Loop:
Cycle through rows of Matrix A
(K/p.n iterations)

Re-use factor for Matrix A: M times
Re-use factor for Matrix B: p.n times

¥
A-cache L2- B-cache n : dimension of the systolic array

N row n col p : parameter chosen based on available
(p o S) Cache ( co S) BRAM resources

22 1

2

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.
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Stochastic rounding

m m })utput C FIFOs
T il
o o
DSP l DSP
ROUND ROUND

-__.l DSP __.l DSP | .
MACC MACC

[ 4 K-

A\ 4

-__,I DSP __.| DSP | ...
mACC|” g IMACC

Local registers

23

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.
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Stochastic rounding

m m }.‘Jutput C FIFOs
b il
o o
DSP l DSP
ROUND ROUND

-__.l DSP __.l DSP | .
MACC MACC

[ 4 K-

A\ 4

-__,I DSP __.| DSP | ...
mACC|” g IMACC

Local registers

24

DSP ROUND
Accumulated result
(LTI T LI I I ITITTITT
l_'_l

LSBs to be rounded-off

ey

Pseudo-random number
generated using LFSR

Truncate LSBs, and saturate to
limits if result exceeds range

These operations can be implemented
efficiently using a single DSP unit

2

Suyog Gupta et al. (2015). “Deep learning with limited numerical precision”. In: Proc. ICML, pp. 1737-1746.
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Binarized Neural Networks (BNN)

CNN .
Key Differences
24 62 .. 50 9.1 ... 1. Inputs are binarized (-1 or +1)
3318 % |28 0 = [+3 78 2. Weights are binarized (-1 or +1)
0.3 0.8 L
- 3. Results are binarized after
Weights batch lizati
Input Map Output Map atch normalization
BNN
Batch Normalization
Xij — U
1 -1 . 1 -3 .. Yij =my+ﬁ 1-1 ..
1 1 * 1-1] |3 -7 7 1 -1
1-1|" l
Weights 5 = |1 ify; =0 A
Input Map (Binary) Xij Y -1 otherwise Output Map
(Binary) (Integer) Binarization (Binary)
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BNN CIFAR-10 Architecture [2]

Feature map 45,45
dimensions
16x16
8x8
4x4
512 10
256 512
128 256
3 128

Number of feature maps 10_24 10_24

» 6 conv layers, 3 dense layers, 3 max pooling layers

> All conv filters are 3x3

» First conv layer takes in floating-point input

» 13.4 Mbits total model size (after hardware optimizations)

[2] M. Courbariaux et al. Binarized Neural Networks: Training Deep Neural Networks with Weights and Activati Cor
or -1. arXiv:1602.02830, Feb 2016.

ined to +1
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Advantages of BNN

1. Floating point ops replaced with binary logic ops

| b, | b, [ bux b | b | b, | b, XORb,
0 0 0

+1 +1 +1

+1 -1 ! 0 1 1
-1 +1 =i 1 0 1
=il | =1 +1 1 1 0

- Encode {+1,-1} as {0,1} - multiplies become XORs
- Conv/dense layers do dot products - XOR and popcount
— Operations can map to LUT fabric as opposed to DSPs

2. Binarized weights may reduce total model size
- Fewer bits per weight may be offset by having more weights

&

JEe it =N
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BNN vs CNN Parameter Efficiency

Architecture Param Bits | Param Bits | Error Rate
(Float) (Fixed-Point) (%)

ResNet[3] 164 51.9M 13.0M* 11.26
(CIFAR-10)
BNN [2] 9 - 13.4M 11.40

* Assuming each float param can be quantized to 8-bit fixed-point

» Comparison:
- Conservative assumption: ResNet can use 8-bit weights
— BNN is based on VGG (less advanced architecture)
- BNN seems to hold promise!

[2] M. Courbariaux et al. Binarized Neural Networks: Training Deep Neural Networks with Weights and Activati Cor
or -1. arXiv:1602.02830, Feb 2016.
[3] K. He, X. Zhang, S. Ren, and J. Sun. Identity Mappi in Deep Residual . ECCV 2016.

ined to +1
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* f Operations | Memory ‘Computation

R * R + - x 1x 1x

Binary Weight Networks

XNOR-Networks

2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: &
Proc. ECCV, pp. 525-542.



* Operations | Memory | Computation
R * R + - x 1x 1x
R * B + - ~32x ~2X
XNOR
B * B ~ ~
Bit-count 32x >8x

2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: ﬂ@k
Proc. ECCV, pp. 525-542.
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R ©) R ~ R © B
X W X W8
R ~ B
W W8
W3 = sien(W)

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In:
Proc. ECCV, pp. 525-542.

®

(i



8/9

Quantization Error

W3B = sign(W)

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.
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Optimal Scaling Factor

R ~ B
w wB

* B* _ : _ B2
o, W' = arg min {||W — aWZ|["}

WE" = sign(W)
* 1
@ =~ Wla

n

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.
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How to train a CNN with binary filters?

2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: g&
Proc. ECCV, pp. 525-542.



Training Binary Weight Networks

Naive Solution:

1.Train a network with real value parameters
2. Binarize the weight filters

2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. @
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2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.

Proc. ECCV, pp. 525-542.

AlexNet Top-1 (%) ILSVRC2012

56.7

0.2

Full Precision Naive

[m]
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A2 e
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R
w R ... R

Binarization

wWe B .. B

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In:
Proc. ECCV, pp. 525-542.
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R
w R ... R

Binarization

B @ ...

Person
Dog

2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: ggg:
Proc. ECCV, pp. 525-542.



8/9

Binary Weight Network

Train for binary weights:

1. Randomly initialize W

2. For iter =1to N R

3. Load a random input image X R ... R
4. WB =sign(W)

5. a= %

6. Forward pass with a, WB

7. Compute loss function C

8. % = Backward pass with a, WB

9. Update W (W =W — %)

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.
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Binary Weight Network

Train for binary weights:
1. Randomly initialize W
2. For iter =1to N

3. Load a random input image X R ’ R
WB = sign(W)
o = Wia
n

Forward pass with o, WB

Compute loss function C
% = Backward pass with a, WB

Update W (W =W — aBTCV)

© 0N O R

2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: g@ék
Proc. ECCV, pp. 525-542.



Binary Weight Network ® = g

Train for binary weights:
1. Randomly initialize W

2. For iter =1 to N W8
3. Load a random input image X B B
WEB = sign(W)
o = Wla

n
Forward pass with a, WB

Compute loss function C
% = Backward pass with a, WB

Update W (W =W — aaivcv)

0 0 N o ROIgE

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: ﬂ@k
Proc. ECCV, pp. 525-542.



Binary Weight Network ® = g

Train for binary weights:
1. Randomly initialize W

2. For iter =1 to N W38
3. Load a random input image X B B
WB = sign(W)
o = Wia
n

Forward pass with o, W5

Compute loss function C
% = Backward pass with a, WB

Update W (W =W — g—vcv)

© 0 N o o

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: ﬂ@%
Proc. ECCV, pp. 525-542.



Binary Weight Network ® = g

Train for binary weights:
1. Randomly initialize W

2. For iter =1 to N WB
3. Load a random input image X By ...I'B s LOSS
WB = sign(W)
a = Wl
n

Forward pass with o, WB

Compute loss function C
9C _ Backward pass with o, WB
Update W (W =W — %)

© o Ok

oW
oW

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: ﬂ@%
Proc. ECCV, pp. 525-542.
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Binary Weight Network ® = g

Train for binary weights:
1. Randomly initialize W
2. For iter =1to N W38
3. Load a random input image X B . . B e LOSS
4. WB = sign(W)
5. a= %
6. Forward pass with a, WB
7. Compute loss function C
8. g—‘% = Backward pass with a, W5 R GW
9. UpdateW(WzW—g—vcv) R . R
" +1
sign(x) > L G, > —1|_+|1_ [Hinton et al. 2012]

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In:
Proc. ECCV, pp. 525-542.
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Binary Weight Network *

Train for binary weights:

1. Randomly initialize W

2. For iter =1 to N

3. Load a random input image X

Update W (W =W — gTCV)

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: s

Proc. ECCV, pp. 525-542.
8/9

4. WB = sign(W)
5. o= [Wla
: n
6. Forward pass with a, WB
7. Compute loss function C
8. % = Backward pass with a, WB R
9.

R .. R
W=W-1nG,
R\ ... R
G,
R ... R

2

9
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AlexNet Top-1 (%) ILSVRC2012

0.2

Full Precision

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.

Proc. ECCV, pp. 525-542.

Naive

Binary Weight

[m]

=3
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A2 e
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Operations | Memory | Computation
R * R + - X% 1x 1x
R + B 32 | )
B * B XNOR ~32x ~58x
XNOR-Networks Bit-count

2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: ;@g

Proc. ECCV, pp. 525-542.



Binary Input and Binary Weight (XNOR-
Net)
~ 3 B ofe’

R R B

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.
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Binary Input and Binary Weight (XNOR-
Net)

R o R ~ B B © B
X W L X W
S ST L
Y v YB

Y~7Y®P
YB' 4" = arg min ||[Y — 7Y B2
YB

R !
Y = sign(Y) 7" = — Y]l

T~

* . * . 1 1
XB" = Slgn(X) WB = s1gn(W) ot = n HWHZl g = ﬁ HXHél

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.
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(1) Binarizing Weights

1
R SIWla = o B
w sign(W)

(2) Binarizing Input
Redundant computation in overlapping areas

1
# 1 Xallex :,31\\

Inefficient E B
2l Xzller=F2
K sign(X)
= X = .- /31
Efficient e ﬁz B
K sign(X)
(3) Convolution with XNOR-Bitcount
R * R ~ B ® B O O«
sign(W)
w sign(X) K

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: ﬂ;@
Proc. ECCV, pp. 525-542.
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R ~ B *

sign(X)

© 0 N G

1. Randomly initialize W
2. For iter =1 to N
3.

Load a random input image X
WEB = sign(W)

o = Wla
n

Forward pass with o, WB
Compute loss function C

57\%:/ = Backward pass with a, WB
Update W (W =W — &)

sign(W)

OLG

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.
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AlexNet Top-1 (%) ILSVRC2012

60 56.7 56.8 _
I
50 | |
1
1
40 | i
1
30 | 30.5
20
10 |
o 0.2
Q<
‘~0 @ LY &
& & = S &
< ..
Q NI ¥
> A N
% <L é}%
& &

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.

Proc. ECCV, pp. 525-542.
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Conv
W
)

BNorm

Network Structure in XNOR-Networks

+1
sign(x) >
A typica’l,bré’ck in CNN
Max-Pooling g

A A A

v Multiple Maximums

Xinformation Loss

Proc. ECCV, pp. 525-542.

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In:
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Network Structure in XNOR-Networks

|
Conv
W

v

-0.5 -04 -01

Information Lt
m-o.z 03 06 04 08 Xinformation Loss

/Multiple Maximums 2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: g.@g
Proc. ECCV, pp. 525-542.
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Network Structure in XNOR-Networks

BNorm

Activ
BNorm

-1.0 jO¥A -0.5 -0.4 =011 -0.8

-0.3 -0.1 ol -0.8 JOX K}

0.3 01 02 0.7
m-O.Z 03 06 04 08

,flictiv

VInformation Loss
/Mult‘iple Maximums

2

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In: :@k

Proc. ECCV, pp. 525-542.
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© XN e 8

1. Randomly initialize W
2. For iter =1to N
3.

Load a random input image X

WEB = sign(W)
_ Wl

Forward pass with a, WB
Compute loss function C

g—vcs, = Backward pass with a, WB
Update W (W =W — %)

o

sign(X)

sign(W)

BNorm

Activ

Conv

OB«

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”.
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60

v 32x Smaller Model
AlexNet Top-1 (%) ILSVRC2012

500 MB

= Float

56.8 p iy
7N
50 - 7 A
40 -
o AlexNet VGG ResNet-18 '
30 t
20 .
v 58x Less Computation
. Speedup by varying channel size o Speedup by varying filter size
x x
10
60x 60x
40x
0 0.2 55x
I & < 20x
-Q (] )
o . .
(}L’ q§ ?}Qo A QQ % 32 1024 b0 10x10 20x20
Q,\Qz S 6& L Qa-\ number of channels filter size
Y
> S AN
< & @

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. In:
Proc. ECCV, pp. 525-542.
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AlexNet Top-1 & 5 (%) ILSVRC2012

90

2Mohammad Rastegari et al. (2016). “XNOR-NET: Imagenet classification using binary convolutional neural networks”. | A
Proc. ECCV, pp. 525-542.
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Further Reading List

Fixed-Point Representation:

» Darryl Lin, Sachin Talathi, and Sreekanth Annapureddy (2016). “Fixed point
quantization of deep convolutional networks”. In: Proc. ICML, pp. 2849-2858

» Soroosh Khoram and Jing Li (2018). “Adaptive quantization of neural networks”. In:
Proc. ICLR

Binary/Ternary Network:

» Hyeonuk Kim et al. (2017). “A Kernel Decomposition Architecture for Binary-weight
Convolutional Neural Networks”. In: Proc. DAC, 60:1-60:6

» Chenzhuo Zhu et al. (2017). “Trained ternary quantization”. In: Proc. ICLR
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