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Stack-based distributed PE (MF-D-S PE)

@ Model as Markov chain to calculate

probability of stalls P, ® Pe and thus throughput

depend on channel size /,
@ State represents num. of elements sparsity sp and stack size S.
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CSD encoding for reduced chance of stalls

@ P. depends on the distribution of ‘1's and ‘O’s in the input
weight vector.

@ An encoding that reduces the probability of conflicts (two ‘1's
at the same position) would increase its throughput.

@ The number of the non-zero elements of the weight

representation can be minimized through the use of Canonical
Signed Digit (CSD).
@ In CSD, the value of each digit can be either 0, 1, or -1

@ Overhead: XOR gates needed to support subtractions

01110 - 100(-1)0
01101 - 011 O 1 stallis avoided
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CSD encoding for reduced chance of stalls

Figure: Conflict probability P. of an MF-D PE channel for various
sparsity levels sp and word lengths /. Blue color denotes binary encoding
while red denotes CSD encoding.
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e Jointly encode pairs of weights to minimize conflicts/stalls
T (W) denotes the position of the trailing non-zero digit of W

A signed-digit encoding (not necessarily canonical)
E(W,, Wp) = (Wa, Wp) — (W,, W), such that C(W,, W,) =0,
for two non-zero weights, exists, if and only if:

T(W,) # T(Wh). (2)

v

The probability P. that no zero-conflict encoding for two weights

W,, W), exists, i.e., T(W,) = T(W,), is given by
Po=t- 1
C 3 347

(3)

v
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Encoder scheme comparison

Table: Probability of a conflict P, for mod 2", mod(2" — 1) and
mod(2” + 1) and channel sizes n =4 and n =5

. mod 2" mod (2" — 1) mod (2" + 1)}

noenc CSD CSD/bin combined Opt. noenc CSDT CSDT/bin combined Opt.T noenc CSDf  CSD/bin combinedt  Opt.*
4 0.683 0.457 0.425 0.425 0332 0.648 0515 0.462 0328  0.328 0.605 0.439 0.401 0.335 0.308
5 0.762 0.516 0.476 0.476 0.333 0.749 0578 0.521 0.413  0.339 0.717 0.529 0.482 0.413 0.327
no enc: both weights in binary CSD: independent CSD encoding of weights o re-encoding after EAC Opt.: Optimal

CSD/bin: a, CSD; b, either binary or CSD  combined: a, CSD, b, binary, bcsp, or begp, *: diminished-1 representation

15/ 25



Proposed PE (exploiting bit-level sparsity)
00000000 e

Encoder scheme comparison

Table: Probability of a conflict P, for mod 2", mod(2" — 1) and
mod(2” + 1) and channel sizes n =4 and n =5

. mod 2" mod (2" — 1) mod (2" + 1)}

noenc CSD CSD/bin combined Opt. noenc CSDT CSDT/bin combined Opt.T noenc CSDf  CSD/bin combinedt  Opt.*
4 0.683 0.457 0.425 0.425 0.332 0.648 0.515 0.462 0.328 0.328 0.605 0.439 0.401 0.335 0.308
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no enc: both weights in binary CSD: independent CSD encoding of weights T: no re-encoding after EAC Opt.: Optimal
CSD/bin: a, CSD; b, either binary or CSD  combined: a, CSD, b, binary, bcsp, or begp *. diminished-1 representation

Table: Speedup (%) for a mod-32
channel vs stack size S and sp

S—0 S=1 5=2
Bin. CSD Opt. Bin. CSD Opt. Bin.

0 113 132 150 132 165 1.74 137 1
01 123 143 157 143 175 1.84 153 111
02 134 152 164 155 183 191 172 125
03 145 161 171 168 189 1.95 1.85 142
04 157 170 178 179 194 1.98 194 1.66
05 167 178 184 189 197 1.99 198 2

T: Zero skipping

sp
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no enc: both weights in binary CSD: independent CSD encoding of weights T: no re-encoding after EAC Opt.: Optimal
CSD/bin: a, CSD; b, either binary or CSD  combined: a, CSD, b, binary, bcsp, or begp *

t. diminished-1 representation

Table: Speedup (%) for a mod-32

channel vs stack size S and sp Table: Hardware complexity (number

of gates) of the different encoders

o 5=0 S=1 S=2 4

Bin. CSD Opt. Bin. CSD Opt. Bin. Encoding  mod 2" mod (2" 1)
0 113 132 150 132 165 174 137 1 CSD 21 29
01 123 143 157 143 175 1.84 153 L1l CSD /bin 50 71

02 134 152 164 155 18 191 172 125 Combined 80 112
03 145 161 171 168 189 195 185 142 )

04 157 170 178 179 194 1.98 194 1.66 Optimal 495 515
05 167 178 184 189 197 199 198 2

T: Zero skipping

15/ 25



Overall CNN Architecture
[ ele}

Presentation Outline

© Overall CNN Architecture

16 / 25



Overall CNN Architecture
(o] lo}

Processing Core

@ PEs that share the same weight are grouped together

17 /25



Processing Core

Overall CNN Architecture
[e1 1)

@ PEs that share the same weight are grouped together

@ Since the weight determines their operation, all PEs work in a

synchronized manner

© No additional storage
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support the different
processing rates of PEs

@ Control logic is amortized
over 16 PEs
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@ Control logic is amortized Core overhead:

over 16 PEs

© The CSD/optimal encoder is
also amortized; its overhead
becomes negligible

@ shift-add units
@ one additional base extension unit

o larger shift register array
@ weight FIFO buffers
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@ One Activation/Scaling Unit
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Block Buffer to decouple access
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Sparsity and throughput exploration on CNN benchmarks

Table: Sparsity of CNN benchmarks and expected speedup

Network Weight MF-D-S MF-D-S N
(8-bit quant.) Sparsity (%) Theoretical  Simulation VA
Speedup* Speedup*

VGG19 42 1.82x/1.95x 1.79x/1.88x 1.72 x
ResNet50 12 1.42x/1.77x  1.47x/1.76x 1.13 x
Yolo3 40 1.80x/1.94x 1.80x/1.88x 1.67 x
InceptionV3 8 1.40x/1.73x  1.43x/1.73x 1.08 x
MobileNet 7 1.39x/1.73x  1.41x/1.73x 1.03 x

*: In entries of the form x/y, x refers to binary encoding and
y refers to CSD encoding (S = 1)
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InceptionV3 8 1.40x/1.73x  1.43x/1.73x 1.08 x
MobileNet 7 1.39x/1.73x  1.41x/1.73x 1.03 x

*: In entries of the form x/y, x refers to binary encoding and
y refers to CSD encoding (S = 1)

@ Proposed method results in 1.73x to 1.88x speedup

Takeaway

Unlike other sparse processing CNN architectures that rely on
zero-skipping and require high sparsity levels to become efficient,
the proposed method achieves gains with zero word-level sparsity
(exploits bit-level sparsity)
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Single PE comparisons

Table: PE comparison for various target clock
periods (0.5 V)

Teik Area (pm?) Power (pW)
_D-St -D-St
(ns) BNS Rns _ MFDS'gns gns _ MPDST
$§=0 S§=1 5§5=0 S§=1
0.8 - - 420  592/625 - - 137 153/158
0.9 - 340 400 580/610 - 107 125  131/140
1.0 334 391 571/585 93 110  116/130

11 350 329 384 556/581 128 84 102 106/112
12 336 308 379 542/581 110 74 83 99/103
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@ The MF-D-S (S=1) PE achieves higher
energy efficiency gains
Prys ;
Pur s X speedup as the clock period
becomes smaller and sparsity increases.
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Energy Efficiency Gains (0.5 V - binary)

05 2

15

Sparsity

05

0
0.8 0.9 1 11 1.2
Target Clock Period (ns)

Energy Efficiency Gains (0.5 V - CSD)

05 2
15
1
05
0
0.8 1

Target Clock Period (ns

Sparsity

@0000

@ CSD encoding can further
increase energy efficiency.
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Core-level comparisons

Table: Area and power breakdown of the various components

T (um? f
Units . Areal (ym?) Power! (W)
BNS RNS MF-D-S BNS RNS MF-D-S
PE 350/277 329/279 556/529 128/220 93/140 120/229
Shift-add Unit - 160/110 - 20/25
FMAP Base Ext. - 250/190 250/190 - 61/86 61/86
Weight Base Ext. - 107/86 107/86 25/36 25/36
. Scaling +
ASP Unit ReLU + Pooling 622/600 5761/5450 5761/5450 118/202 384/615 384/615
Core 4x4 PE array +

3 3 3
BE (sshiftocd o) 6:27/5:3x10°  6.30/5.43x10° 10.35/9.23x10

1.98/3.50x10° 1.63/2.73x10® 2.04/3.36x103
T Tn entries of the form x/y, x refers to a supply voltage of 0.5 V and y refers to 0.65 V
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T (um? f
Units . Areal (ym?) Power! (W)
BNS RNS MF-D-S BNS RNS MF-D-S
PE 350/277 329/279 556/529 128/220 93/140 120/229
Shift-add Unit - - 160/110 - - 20/25
FMAP Base Ext. - 250/190 250/190 - 61/86 61/86
Weight Base Ext. - 107/86 107/86 - 25/36 25/36
. Scaling +
ASP Unit ReLU + Pooling 622/600 5761/5450 5761/5450 118/202 384/615 384/615
4x4 PE array + 3 3 3 3 3 3
Core BE (1ohiftndd unit) 6:27/33%10°  6:30/5.43x10° 10.35/9.23x10° 198/3.50x10° 1.63/273x10° 2.04/3.36x10

T Tn entries of the form x/y, x refers to a supply voltage of 0.5 V and y refers to 0.65 V

@ Area overhead is completely compensated by the increased
processing rate

@ Power efficiency can be increased by 31%-54% (57%—-85%)
depending on the sparsity of the weights, compared to
conventional RNS (BNS)
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System-level comparisons

Table: Comparisons to state-of-the-art implementations

. . . This work This work
Eyerissv2[1] ISSCC'20[2]  1SSCC'22[3]  RNSDNN[4] RNS MF-D.-S
Process 65 nm 7 nm 65 nm 45 nm 22 nm 22 nm
Supply voltage (V) N/G 0.575-0.825 1 1 0.65 0.65
Frequency 200 MHz 290-880 MHz 400 MHz 1.2 GHz 1 GHz 1 GHz
On-chip Memory (KB) 246 2176 150 KB N/G 448 448
Bit Precision (FMAP,wgt) 8 8 8 16,8 12,8 12,8
Network AlexNet MobileNet-v1 VGG16 VGG16 VGG16 VGG16
Performance (GOPST) 153.6 3604 N/G 134 220 364
Area (10° Gates) 2.69 N/G N/G 2.18 4.74 5.25
Area (mm?) N/G 3.04 4.47 N/G 0.94 1.04
Area Eff.(GOPST/10° Gates) 57.1 N/G N/G 62 46.4 69.3
Power Eff. (TOPS'/W) 0.253 - 0.962* 3.28 - 6.66 1.82 0.223 1.74/2.36*  1.98/3.12*
¥ full system/on-chip power cons TTOP = 1 MAC T: for dense - sparse network

N/G: not given
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¥ full system/on-chip power cons,

@ 32% energy efficiency increase compared to RNS Counterpart
@ 8.87x more energy efficient that state-of-the-art RNS CNN

accelerator
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TIOP = 1 MAC T for dense - sparse network N/G: not given

%> full system /on-chip power cons
@ 32% energy efficiency increase compared to RNS Counterpart
@ 8.87x more energy efficient that state-of-the-art RNS CNN

accelerator

@ 2.05x more energy efficient that sparse version of Eyeriss
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Thank you!
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