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Hardware Accelerators for Al

A GPU still dominates the training in cloud, FPGA is good for inference for fast prototyplng
A TPU (or similar digital ASIC) is ramping up in cloud as well as edge T
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Conventional computing platforms Digital CMOS ASICs Analog CMOS (@NVMg
~ 0.1 TOPS/W ~ 110 TOPS/W ~ 10100 TOPS/W
Floatingpoint Fixedpoint Low-precisiorA accuracy?

A To further improve energy efficiency (TOPS/W), analog CIM (possibly kM9 is promising
especially in the edge inference where the model is firained.

A CIM chip could also support incremental learning with continuous (possibly unlabeled) new data
when deployed to the field.
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CIM Basics: Mixeignal Compute
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Needs for Early Design Exploration
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Critical Needs: Evaluate systelavel multi-macro performance with new synaptic devices
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NeuroSim OpenSource Simulator for CIM

Marketplace Pricing

Sign in | Sign up |

01 overview Repositories 10 Projects Packages httpS//qlthUbCom/neurOSIm

o U PreRTL simulator for eadstage research

.4 - .
3 [ MLP_NeuroSim_Vv3.0 ] DNN_NeuroSim_v2.1
‘
: — Benchmark framework of synaptic device technologies for a simple neural Benchmark framework of compute-in-memory based accelerators for deep
.: network neural network (on-chip training chip focused)
- @c:+ Yres % @c+ w15 ¥7
] DNN_NeuroSim_V1.3 ] 3D NeuroSim_V1.0
Benchmark framework of compute-in-memory based accelerators for deep Benchmark framework of 3D integrated CIM accelerators for popular DNN
M neural network (inference engine focused inference, support both monolithic and heterogeneous 3D integration
NeuroSim L . ) PP : :
neurosim ®c- 11 ¥s ®c- s Yo
Follow
Researchers from Prof. Shimeng Yu's 167 contributions in the last year
group at Georgla TeCh Sep Oct Mav Dec Jan Feb Mar Apr May Ju Ju Aug
A 80 followers - 0 following - v¥ 1 Men "1 | 0 O e
|
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https://github.com/neurosim

NeuroSimHistory
Interface w/PyTorch
The first appearance: DNN+NeuroSim
P.-Y. Chen,S. Yu- NedfoSim: A V2 (Training)
circuit-level benchmark simulator Interface w/PyTorch
forneuro4 ot qj sfe! bsdi jufd
Workshop on Hardware and _ . tSv3aAS ¢/ ! 5C
Algorithms for Learning On-a- DNN+NeuroSIinv1 y
chip (HALO) 2015, Austin, TX. (Inference)

. ® tSy3dI L95aQmd

MLP+NeuroSim . _
Contributors:
(2-layer MLP) PaiYu ChenXiaocherPeng
ShanshHuang,Yandond_uo
QMT 2 AnnilLu, etc...
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Impact ofNeuroSimFamily

CURRENT GLOBAL USERS > 300
Industry R&D

\I:I)\[e§t(elrn "P
igital.
>
SK hynix
& NGVATEK Universit =
e Resulted in publications 100+ @

GigaDevice

.\ &IEEE
nature O
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I
DNN+NeuroSinMethodologies(Python & C++)

U Endto-end frameworks fort’inference enginél], 2*online training systeni?], *3D-CIM design3]

U Input parameters relatetb: deviceA circuitsA4 architecture hierarchy and datdlow A algorithm

U Softwarehardware cesimulation reportsinference/training accuracy, TOPS, TOPS/W and
TOPS/mm

Algorithm accuracyestimation based on WAGE methgd

A Hardwareaware quantization for weight, activation, gradient, error, as well as partial sum
guantization based on ADC precision.

A Support various network models for CIFA®-100 and ImageNet

Hardware metricestimation based on analytic models that are calibrated with SPICE at rredele

A Massive options (techode 130nm to 7nm, memory device typg,® ! 5/ 2 LJIA 2y X

A Analog modulesg(g.ADC) calibrated with Cadence custom simulation;

A Digital modules estimated with standard cell area and logic gate delay/dynamic power/leakage

power,
A Interconnect modulesg(g.H-tree) estimated with parasitic RC delay and power;
omMB8 - ® tSy3aIX SO fdX L95aQuAaMPT wHB - d tSy3IX SG | fdX ¢/ ! 5QHn
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'eNVM| [SRAM

—

' 1T1R or crossbar ?

S

&: Get array size

e.g. cell size=4F*4F
synaptic array
Size=128*128

A Array area =

(128*4F) * (128*4F)

Area Estimation

@ Auto-define peripheries | Note
' According to the synaptic array Assume
Size 128*128 =R,*Dro
A Define switch matrix or %&gﬁﬂ = o%lerame
decoder specs (e.g-bit) Define TG size
According to the wire loading ca according to R,

A Define transmission gate (T
size (avoid large IR drop)

3: Other userdefine
(/ peripherie

e.g. ADC (MLSA/SABC)Jser define:
precision, AD@Gode, AD@nuxsharing

Align area according to the synaptic array
(w/ width or height)
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RC delay W

1:
kdigital block)

Techtfile provides
temperaturedependent
lon& loefA get R(based
on transistor size)

Similarly, get C (loading

Latency Estimation

*. Cadence fitting
function (analog ADC)

Column resistancedy,
IS calculated based on
reaktrace (mapped
conductance and inpu
vector)

R-oas input of latency

fitting function

cap can be wire cap)

Georgia | School of Electrical and

scheme

Each block needs to
consider number of
operations (i.e. T=N*t)
Total latency needs to b
aOHE 2NJ aa

2. Consider operation W

(depends on working in

to the operation scheme

e

| >4

sequence or in parallel)
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Dynamic Energy Estimation

 Read| | Write |

array)

2. C\f dynamic energy
(digital block)

E: CV dynamic energy )
(

Loading wire In array:
E += @L*Vddz*#WLSelected

E += Q_*Vreadz*#BLSelected
E *=#0p

Assume critical operation
scheme, count number of
transistors that need to be
chargedup;

Sumup CVfor all charges
up transistors;

Also times #op (number of

operation).

I
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fitting function
(analog block)

Column resistance
R-o.IS calculated

based on reatrace
(mapped conductance
and input vector)

R-o @s input of power
fitting function

Energy is calculated
based on latency and
power fitting function

3: Cadence 1
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DNN+NeuroSIinV1 for Inference Engine

(b) 4 <_Retention Model Python Wrapper | NeuroSim Core
_\’-b‘; .
% G drift Ls‘g‘ ‘-.,‘ Mgé e Setup DNN Structure |# Chip Floorplan
S e Train DNN Model o Map Weight to HW
W 2 > .
> S ti ¢ Run Inference * Array Size, Ron/Rof
Log(t) ynaptio .  ADC Precision
Array « Retention Model - -
o OA% <« K% X ' « ADC Quantization  Hardware Estimation
85 ] go|  A’Inference |[|*Save Real Traces *» Area, Latency,
R g - < 7 Accurac « Neural Activation Energy, Leakage
¥¢Accuracy ADC Quantization | 20| € ’ * Synaptic Weight =» Energy Efficiency
| A S:C . ADCPBrec |- Inference Accuracy Throughput
10* 10° ¥ 10° Effect 2 3 4

Synaptic Weight & Neural Activations  (d) NeuroSim Core | (e) Hierarchical Simulation

. o . Chip
Chip Floorplan Activation l Kernels Matr - —— —
L . wvat X Partition Assign Tie
%% Traces to HW
_s {r—-.}Tiles 1 7 |\ L2TPE ‘
8o C Unroll | ‘ | X . _
° 5 Zano s === ‘ ‘ E
o C=>. Q@00 33 ) ' ) i N
& |’——* 8808 89 ) \| \ | Synaptic
gggg eos §§ Transfer \;\ Array
Max Memory Utilization 10000 ”778784 Traces \

p—
2)
e
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DNN+NeuroSIinV1 for Inference Engine

2. Two-terminal 3. Three-terminal
(@) chip Level Tile Level PE Level (b) 1. SRAM Synapse NVM Synapse NVM Synapse
J Precharger [ SL Switch Matrix | [ BL Switch Matrix
s { see Write driver = i—— ; WL 2 HHep==== y—L
z Tile Tile PE t PE Synaptic Synaptic s |5 ;RRAM; == B ; = FeFET [
E : = ] _ Array Array U 1 S g Y E |J_Lw-1 | E l% ! %
@ 2 : 8 , , § [[HCHHH - tCHHH]| |3 [[Joramcsiis g one B-| | & - prerrotibs
= . = & = (MY 2 & +—=yrapse T (7] —L one|synapsd s
o 4 11} o =S } 5 n:SHAMeefsas o = J—LIW‘-I @
© - PE | PE - = onglsynagse & = S 5 Rs [BL
o §_ 2 Synaptic | || | Synaptic ||| ® "|j" "|j" @ "|j“ = | Plpeudo-cross ar Array| |2 | FefETAlray
Tile A1 Tile - = || Aray Array || SRAM Arfay I LR Y N [
Tt oee = Accumulation ‘ o ADC[ADC IADC|ADC xS [ ADC | wes | ADC | & [ ADC | e [ ADC |
e e — tm] CBurt 4 | Adder Tree | Adder Adder | =& [ Adder Adder | =& [ Adder Adder
Pooling Activation || |, ile Output Buffer | shit_ | *** [ _Snif Shit | *** [ Shi Shit | *** [ Shin
. | PE OUtPUt Buffer | Reg||ster Regilster Regi;ter Regi.lster Regilster Regilster
Figl Architecture hlerarchy of CIM accelerator (definediNN+NeuroSinv1.0).
Memory Utlization Memory Utilization 3-bit ADC.  Memory Utilization Sweep array size & Ce” precision & ADC precision on

4-bit ADC 10] .
5-bit ADC P
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§ _ § 60} O § 60} ]
\ S i | 2 | < gt
' / zn % —=—1-bit/cell %30- —=—1-biticell| 1 %30- —=—1-bit/cell| 1
V24 / B I 2-bit/cell - 2-bit/cell - 2-bit/cell
?‘(3 ‘.q_; —&— 4-bit/cell \.q-J —&— 4-bit/cell \2 —&— 4-bit/cell
\\ £ .0l , | £ : , = : . .
Array Size: 64x64 Array Size: 128x128 Array Size: 256x256 3-bit 4-bit  S-bit 3-bit 4-bit ~ 5-bit 3-bit 4-bit  5-bit
) . ) . . (1) ADC Precision (2)  ADC Precision (3) ~ ADC Precision
Fig.2 Systemevel benchmark (VG&) with various design options (4 Fig.3 hferenceaccuracy with different ADC quantization: sweep
bit/cell). subarray size and cell precision.
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ADC Design Considerations.,, _:,5;";@_3%“

TSMC 40nm PDK FY
\ 4 BL 1400 (a) 14 (b) Vin—l I—Vref
12001 [ Latency (ns
SARLogic 1000 10 SAEN—I
800 8l
VSA 600 j Voltage mode SA
| ; | |l for Flash ADC and SAR A
Arra
’ BL 073 4 5 6 073 4 5 6 V-DrD
. Resolution (bit) Resultion (bit) PRE P P2 PRE
— [ S0 Aq_ - m_pk-
5 s| Power (mW) LI Energy (pJ) >
8 L L omsQ-B Wit erQ out
ZD | & il | R
E\ al | N SAEN "
AITrEaF / . % o - v _|[;L wp IJ.I W wjﬂli
y : % A I Bl N3 N4 BL_B
® o 073 4 5 6 YT
= Resolution (bit) Resolution (bit) %M”"%
IBl II!EF
— - SAR - FLASH Current mode SA for MLS,

For partial sum precision larger than 4bit, SAR ADC provides better tradeoffs than Flash ASDCYU et al. CICC 2020
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Weight Mapping and Duplication

P «» HKernel Depth=N x«Kp Kernel Depth =N
. . . Q Q
Conventional mapping Novel mapping § / ./___./ P 4
. ‘_I:flyer <n> 0,4K> KernelDepth=N Laver<n> g g i 4 :,- """"""" .
I T ED HE T :
I EEEm : E EEE
| i :
—W—> R | a
nes l . 5 _____________________ B 2 K*K e e —
I;ayer <n+1> -4 ¥ 1:— ;rr_ay_ | N > “~sub-matrix— <
“‘\®... ./ 1Pa”“i°" l Partialsum T : :: + : Partial-sum

OFMs W @0 ==N—20

OC

. IFM size = W*W*D, Kernel size = K*K*D*N, OFM size = W*W*N
“«—W— ; Q) ¢ Number of sub-matrix = K*K

]~ IFM-2

Import Input

Input reuse in novel mapping

- S
|
PE[1][1] PE[1][2] PE[1][3] Pariial- “\ y
T=1 IFM[1][1] IFM[1][2] IFM[1][3] IFM IFM IFM IFM IFM Sum- D 2 rlﬂia )
I=2 IFM[1][2 IFM[1][3] IFM[1][4] (11011 § (11021 § (11031 § [1104] [116] S !
T=3 IFM[1][3]/ IFM[1][4] IFM[1][5] - L pm-£
T R o 1t | collect outpt |
I=1 IFM[2][1] IFM[2][2] IFM[2][3] 0 ol We|ght dUpl|Cat|On
T=2 IFM[2][2]/ IFM[2][3] IFM[2][4] c IFM IFM IFM IFM IFM
= MR M FMs] - 131011 | 131021 | 31031 | [31141 [3116] RN =2 | e -for speed up
(4] § Have snough gi | _ T OFMs to start
PE[3][1] PE[3][2] PE[3][3] - ®&e® I~ OFMstostart L} A? [ next layer after 17
I=1  IFME3][1] IFM[3][2] IFM[3][3] B next layer after SRgSPREEES - poolin gl B N
T=2 IFM[3][2] IFM[3][3] IFM[3][4] p?ﬂ',.',,"g - slowed down - § i ~Still slowed down -
I=3 IFM[S][S]/ IFM[3][4] IFM[3][5] " I horizontally

° e
X. Peng TCA2020 (@) (b)
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DNN+NeuroSIinV1 Reveals Key Factors in CIM

Table 1 Benchmark CIM accelerators obi8VGGS8, across versatile device technologies. 100 — . .
— — - - - —m— 7Tnm 8T-SRAM
VGG-8 (8-bit activation; 8-bit weight) on CIFAR10, with Novel Weight Mapping and Dataflow
Technology node (LSTP) 7nm 22nm 0 - —»— Em ETR-.AS:ﬁEIMta}
] RRAM TaOX/HfOX GST PCM Si:Hf02 ECRAM —a— 22nm n
Device 8T-SRAM | 8T-SRAM | nte)  (TsingHua) __ (IBM) __ FeFET(GF)| _(BM) 80 [+ 22nm RRAM (Tsinghu3)
MLSA-ADC precision 4-bit 5-bit O g7pl % Znm FCM (IBM)
Cell Precision 1-bit 2-bit 4-bit (= 22nm SiHFOZ2 F
Ron (Q) \ \ Bk 100k 40k 240k 500M — GO L™ 22nmECR
On/Off Ratio \ \ 17 10 12.5 100 40 a'
Inference Accuracy (%) 91% 50 L
Area (mm?) 13.61 59.05 60.78 33.26 33.39 32.69 33.26 o
Memory Utilization (%) 98.73% 96.86% 93.47% 93.47% 93.47% 93.47% O 4pl
L-by-L Latency (ms) 0.63 0.76 0.79 0.61 0.61 0.61 1.09 E
L-by-L DynamicEnergy (uJ)| 22.86 56.56 33.70 17.24 17.85 16.28 16.77 30 L
L-by-L Leakage power (mW) 1.47 1.11 0.17 0.09 0.09 0.09 0.09
Energy Efficiency (TOPS/W)| 51.10 21.36 36.37 71.17 68.73 75.36 72.86 5 20 L
Throughput (FPS) 1580.24 1311.87 1260.87 1639.62 1637.63 1641.56 916.43 E
m 1'] B
us = . —_ I] - ! L y L]
u ?eSIred BN- 100k ; 1M]< . ; . ) . ; I].I]’!]"I ; I].I]1 I].1 1
USbta Ydzalu 0S aYdz 0At SOSt &€ U2 OCobputalion ¢s.\Standby Riftio |
node Fig.1 Energy efficiency as a function of

computation vs. standby ratio of CIM
accelerators (across versatile device
technologies).

U For practical eNVMe(g.Intel RRAM), can otgerform 7nm
SRAM at edge device (with low compute activity).
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DNN+NeuroSInvV2 for Online Training

U Extends online training hardware and software analysis
U Nonideal weightupdate: asymmetry and nelnearity, device & cycle variation

()
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Tech |/

Computer Engineering
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NeuroSim Core Python Wrapper (b) g3 3 pulses i Non-ideal Weight 2 5 WPerceloy,
Chip BHN et 8 2 ﬁPuIse linearly Update Model: 8 £
d (e) Activation  Kernels (a) eup e g ™ A, % .2 E 3| Mg Update
(d) Floorplan J2 8 W S N 238 2 8l
Global A # of pulse W % 17 § o3 Pulse #
= Peripherals = " 3 I ﬁg £y aéACycle-tO-
g o — g = a5 Array g_g g g %%
=1 11 1 . i uvs 9§ = o< £33
25 e gm0 | {24 v o HETH 2 2 £ 13| st
= =3 . \ [ e > ariati
= e L—mH H | e & o 2puisest  [elroe] - [ & e
g =) §.§§ eee 00: :: J coe i “§ oﬁ g i # of pulse Pulse # <
Tile ipiqo 83 B i S| &g (¢) “» Forward T ———
nl =2z 4 Retention Model . ADE Rt y PP sura=im Lore
3 (f) Hierarchical Simulation x e 2 | « Setup DNN Structure e Chip Floorplan
— i @ - €| - ———— -
= o I ] Chip (g) S B g G drift 2R H K2 al « Train DNN Model * Map Weight to HW
c Layer-1 ‘ — o © = S of « Nonlinearity « Array Size, Ron/Rott
L = ‘ :fTiIe - E 5 2R . R S « C2C, D2C Variation « ADC Precision
2 (=] els & < = w2 W’ Synaptic 128 Run Inf * Write Voltage / Pulse
B s eeere— \ -IPE = Array e *Run Interence « # Write Pulse LTP / LTD
| -« 0,
§ E i ! [ \\ — 90A % _ W W e W 90| A * Save Real Traces « Hardware Estimation
- i 1 | H 85 M'-'@] 8]  A’Inference .ger‘:;a'té‘;t\'l‘;?t'gt” =) Area, Latency,
c 8 | \| \ |Synaptic 80 Inference - L | % / Accuracy = ny g gA Energy, Leakage
% < | ~ | Trans 1 Array Accuracy \ ... ADC Quantization| 20| € ADC Prec nterence Accuracy [ Energy Efficiency
< | . Traces ., ETETAAT e Effect » 73 3 = Training Accuracy Throughput
t Syadz Siu Ftdz ¢/ !'5QHNHND




DNN+NeuroSIinvV?2 for Online Training

U Transposable synaptic array to support fdedvard & backpropagation (error calculation)
U Add weight gradient calculation (by SRANM), need frequent data reload (from DRAM)

Tile Input Buffor ’ Analog FeFET Synapse (Parallel Read-out)
Weight Gradient SRAM SRAN BL Switch Matri
(SRAM based CIM) CiM = CIM | witch Matrx__|
E < || PE PE Array Array <[ F———— W o 15 & o
a g TR 5 | —y . 3 (|l 77 ¢ FefET 5 1285
2 ||§ : I k § = || % | J_[)%v b
S1& ¢ «— o ; = L_E'FF'_T_lll — =1 H
< - B Ee-r| colls RS [ L4
o8 Global Buffer ] 2 ||| 5| | sram SRAM & [TLone fynapsd s | [B] ° 3
= PE |«| PE < 3 c CIM CIM 2 . . 5 |
« po Array Array S Rs [BL HEHE ES
Til Ti g = “FdFET Arfay < | |
réansp?_se rransp?_se e ne -§ N Mux |
_ | [BYhapticyrrSynaptic . 3 Accumulation o AIIJC oo AIIJC Mux-BP Decoder
k3 Array Arr:ay . . § & WG Output Buffer §§ I I
i —— ! : - : L = 2 [ Adder Adder
S [[ranspose _rranspo_se ] H . Shift oee Shift
u_% R || A s * SRAMCIM for weight Register Register
o : Tile eee Tile & i i . .
[ Addertres | g ?radlent galculaflond(need Fig.2 Transposable synaptic array
[_PE Output Buffer_| requent data reload) support both of feedforward and
Fig.1 CIM architecture supports.gnline training. backpropagation (take example of

3-terminal eNVM).
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Asymmetry and Nonlinearity in Analog Synapse

@ ——— 3 1z—————————— S 12— —
£ 12f 2 5 o o | & oS i,
S0 +/-9: NL level=9 " P I
S : ) S 0.8 S 0.
= S 5
g 0.8} oo Q0.
o ©
QO06F .qua 0. .g 0.
et e e
3 04l g 0. g 0.
= '6 0. R . — S 0. : -t
¢ 02r Z 00 02 04 06 08 102 00 02 04 06 08 10
'5 ool (@) # of Pulse(normalized) (b) # of Pulse(normalized)
' 0.05 0.15 '
< o'o 0'2 0'4 0.6 0.3 1'0 INEpoch=185 P/D=+3/-3 IEpoch=185
# of Pulse(normalized) 0-04 7
2'0.03 Iconv 3 2" Il conv
_ o _ =0 ayer 3| = I
AAsymmetry makes devices statistically easier to %002 e layer 3
converge to the middle range of the conductance thai® O .05}
approachingsmaxor Gmin 0.01
AFrequent sign flipping causes a large unwanted 0.0 MEIAIIAIEIPLI]  00p .,
conductance change towards the middle range. © 7 \Weightvalue @ Weight Value
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Online Training: Nonlinearity & Asymmetry

100

Fig.1 Analysis of nonlinearity and asymmetry {8t VGGS8 for CIFARL0), w/ and w/o momentu

'5? Baseline
= 90} NL=0
Y —— NL=+/-1
c 80 AR e —— NL=+2/-2 ]
a 70} ——— NL=43/-3 |
o ——— NL=+4/-4
< 60 — NL=#5/-5
2 50 ',if ——NL=46/-6 |
= — NL=+7/-7
= 40 w/ Momentum — NL=+8/-8 -
30k , - . , | ——— NL=49/-9
0 50 100 150 200 250 300
# Epoch
~ 100, : :
= Baseline
; gg- VY S T—3-4 ol ——NL=0
1) - s ——— NL=+1/1 -
8 7ol / w/o Momentum  NL=#2/2
3 W’mm‘ A —— NL=+3/-3
3 6o e ot A=A :
o . ﬂ b v i, AN A K oA —— NL=+41-4
< «;.;:Tl%s‘ 5‘ Ay ‘4},&! l’ W .’Il-fnmﬁﬂﬁlm, U "rw@fﬁ;i%" )
E 2 ."f..'.,i o ﬂ‘fn, S 'L bl 1'].-'"“'. I PO W Rl IR NN _ |
30 RV T I T a.H. Tt R A NL=+7/-7
.E 20 'ﬂ' ﬂ"!‘ {y ﬁ‘iﬁ t U] '*1'-3! 'mi"ih“ \!"ﬁ'q’r‘l L ':*h"'l"‘-*'“i %ﬂ-f ——— NL=48/-8 |
= 1ok . . ) . _ ———— NL=+9/-9
0 50 100 150 200 250 300
# Epoch

Results show at +5b, the accuracy is still >80% (w/ momentum optimization).

Mommentum optimization: Y (0)
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Device & Cycle Variation Behavior Model

0

Deviceto-device variation
introduce different
nonlinearity (NL).

Randomly generates NLs to
different synapse with a
standard deviation {)
respect to themean NL ¥).

Georgia | School of Electrical and

Norm. Conductance

Cycleto-cycle variation

Introduce variation in
conductance change at
every weightupdate.

Express C2C variation
standard deviation ()

In terms of percentage
of entire weight range.
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Onl

100

ne Training: Device & Cycle Variation

€ £ '4o[ W/ D2D variation std=1.0 Best Accuracy (%)
g w g w0 0 Fig.1 Analysis of devicé¢o-device
£ olf £ el 1 variation under different non
E’ 504 o s C NLes ] g’ 50 ) —NLf+1i-1,5tdf1.D —NLf+3i—3,stdf1.D ; .
£ w TN s 01 E T NLHSS Sti=t.0 NI stde0 linearity, w/ momentum
=305 50 100 150 200 0 % 50 100 150 200 250 optimization_
# Epoch # Epoch .
§ w/ D2D variation std=0.5 § 122_ w/ D2D variation std=1.5 8 Behavior modekandomly
£ W#WW E 0 o generates NLs to different synapse
8 g [ —&— No Variation . . . N
< < eoff ——sta05 with a standard deviation ()
s s | £ s e | | Son
E ::::;g: :z:g:g —— NL=+7/-7, std=0.5 E 40 ——— NL=+9/9, std=15 ’ R (| NI I’eSpeCt tO the mean NL>0
=% 50 100 150 200 20— % 50 100 150 200 250 FRENE
# Epoch # Epoch FFFFy
. . . . Comparing nonlinearity with fixed C2C variation Comparing C2C variation with fixed nonlinearity Best Accuracy (%)
100
Fig.2 Analysis of devicgéo-device g 90— NI T S0 ——RL=F1FT, STaE003 ——NL=F1T, S=005-
< 4 . 2> 2>
variation under different non £ g £ go0 %
) i E 530 ———NL=+1/-1, 5td=0.01 ———NL=+3/-3, 5td=0.01 ———NL=+5/-5, std=0.01 E %somwaww 80
Ilnear|ty1 w/ momentum g0 50 100 oocn 120 200 250 & 0 50 100 Eooen ™0 200 250
optimization. s =90 - 70
- SO o me
Behavior modelgenerate variation £ g £ oo — 60
|n G Change at every programminé2300—NL=+1I-15,:M=D.I]3 I}NL=+3/-3, st;i;l:.l]& —:;:1'5{-5, Std=l];]530£ggoo—NL=+3I-3;05td=D.D1 ENL=+3;’-3, 5t1(15=([)l.03 —:l[;:"ﬁf-?t, 5td=0.20550 50
. # Epoch # Epoch
pU|Se; introduce standard $90 Z590[——NL=+51-5,510=0.01 ——NL=+5/'5, sta=003 ——NL=%5/-5, sta=0.05 | 4¢ —=— NL=+1/1
. . . DT [——NL=+11-1,5td20.05 ——NL=+3/-3, 5td=0.05 ——NL=+5/-5, 5td=0.05 | g & —e— NL=+3/-3
deviation () in terms of £z« £ 250 W LN
H H c 530 T = 530 9\ .65 96
percentage of entire weight range r 8 = §% = = - R
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(a) Area Breakdown
(by main
components)

0.76% 4.21%

22.19%

(b) Latency Breakdown
(by main components)

Online Training: System Performance

(c) Energy Breakdown u
(by main components)

ADC (ébit) & weight gradient units (SRANased)
dominant in total area

U Buffer latency & DRAM energy/the bottleneck of
performance

WM%
0.31% 01%

18.14% ADC
15.7% ADC Accumulation
Accumulation Synaptic Array w/o ADC
|| CIM Memory (FW+AG) Synaptic Array w/o ADC [ | Buffer
[ ]Interconnect [ |Buffer [ Interconnect
ADC [ lInterconnect B DRAM
[ ] Accumulation B DRAM B Weight Update
[ Other Logic&Buffer I Weight Update [ WG Computation
I WG Computation ] WG Computation [ |Leakage
(a)— Fig.16 The data shows th200" epochof

FeFE¥ased CIM online training accelerator.
(a) area breakdown by main components; (b)
latency and (c) energy breakdown by main
components; (d) latency and (e) energy
breakdown by operations; (f) peak latency an
(g) peak energy breakdown by operations.

Georgia | School of Electrical and

0.14%" /

U Weight gradient computation is the bottleneck i
the entire learningrequire frequent DRAM acces

(d) Latency
Breakdown (by
operations)

14.67%

69.89%

Feed-Forward
Error In BP
Weight Gradient
I Weight Update

15.3%

(e) Energy
Breakdown (by
operations)

6.64E-04%

97.84%

Feed-Forward
Error In BP
Weight Gradient

I wWeight Update

1.07%
\’ 1.08%

L

(f) Peak Latency
Breakdown (by
operations)

3.79%

\

89.83%

Feed-Forward
ErrorIn BP
I Weight Gradient

B Weight Update

5.93%
v

044%i

(g) Peak Energy
Breakdown (by
operations)

5.98%

0.01% | 6.22%

/
87.79%

Feed-Forward
Error In BP
I Weight Gradient

B Weight Update

N
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DNN+NeuroSIinv2 Key Insights

VGG-8 on CIFAR10, with Novel Weight Mapping and Dataflow, on-chip training with 256 epochs
Technology node (LSTP) 7nm | 32 nm
Device SRAM SRAM Ag:aSi[23] PcMO[q) AIOXMfO2 - TaOX/HIOX . EPiRAM [4] HZO FeFET
_uﬂ_fmmmu (NotreDame) [6]]
# of Conductance States \ \ \ \ Ll &O —ay o — tant 1ole to
ADC precision Sequential  4-bit |Sequential 4-bit | (3) Desired nonlinearity: below +3B; cycle GG 8NI & LI
Weight / AWeight / Cell Precision 5-bit / 5-»it / 1-bit 5-bit / 5-bit / 1-bit to-cycle variation: <1%’ to guarantee I
Ron () \ \ \ \ . 240K
On/Off Ratio \ \ \ \ learning accuracy 00|
Nonlinearity ‘* 1* 1* ‘ the Welght-update WI|| affect the 1.75/1.48
C2C Variation \ \ \ \ A <0.5%
Write Pulse Voltage \ \ \ \ 3.65V/-2.95V
Write Pulse Width \ \ \ \ 00us/300us 1ms/Ams 100us/100us] 50ns/50ns bus/bus 75ns/75ns
Area (mm?) 11.12 13.05 | 120.89 138.95 48.29 48.29 49.88 48.50 48.59 48.29
Memory Utilization (%) 94.€2% 88.59%
Training Accuracy (%) 91.( 0% 49 00% 56. 00% 3? 00% 31 DD% 85 DD% 91.00%
Training Latency (s)/ Epoch 24450 | 105.51 - R 176.85
Training Dynamic Energy (J)/ Epoch  |—40s20 | enza (4\ 7nm ParaIIpBRAM shows sunerior nerformance: while 92 11
Training Peak Latency (s) / Epoch (5) DRAM access dominates the overall energy consumption, high 51.75
Training Peak Dynamic Energy (J)/ Epoch | resylting in ~2 TOPS/W regardless of device technologies 8.98
Training Throughput (TOPS) 1.04
Training Energy Efficiency (TOPS/W) 1.74 2.28 1.24 1.94 2.00 2.00 1.98 2.00 2.00 2.01 I
Training Peak Throughput (TOPS) 1.04 4.96 0.40 3.34 0.16 0.03 0.38 | 3.52 2.68 3.57
Training Peak Energy Efficiency (TOPS/W) | 13.03 40.90 1.63 11.98 20.54 20.50 17.27 | 20.43 20.11 20.57

I
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o
NeuroSimValidation with Real Chip Implementation

CIM RRAM at TSMC 40nm area (am?) eneray (o))
62d [AX SiG It I / QRadofimHrddop| " [NeuroSim| Real chip Adjustment factors
DFF 719 681 1'0(71;7": 0.68 introduced to
shift-add | adder 662 663 ! i‘g:;es - 1'32;1‘5 “ | 010 calibrate:
inverter |*" e | 13 one | o A transistor sizing
DFF 4,968 4,706 743;7": 4.67 A Wiring area
acum | adder | soss | szey | MOET|OHIPT| oso A gate switching
inverter 102‘852('33\/ 6.797 10'105;1 7| o093 activity
. DFF 7,743 7,334 11'576;8V Tl 728 A post_|ay0ut
inverter 102‘43;3\’ 6.558 9'73;‘;: 091 performance drop
total 31,893 31,386 15.20 15.26
Energy for whole array NeuroSim Real chip
pre-layout 3,171.29p] 10.4TOPS/W — 3,150.8p]
post-layout 3,171.29p)x( 8.48TOPS/W — 3,864.2p]

After calibration, the prediction with postlayout simulation error rate idess than 2%
A. Lu, et al. AICAS 2021

Georgia l
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3D NAND based

NeuroSimExtension Roadmayp  archiecure for s

Monolithic 3D
partition between
memory at legacy
node with BEOL
oxide transistors
and peripheral
logic at advanced

One custom chip
supports various
DNN models that
may have larger on

: 7nm node
chip memory
capacity than the
chip could hold Monolithic 3D

NeuroSimp2]

Reconfigurable
NeuroSinpl]

|
Georgia | School of Electrical and

3D stacking with muki
tier memory
interleaved with logie
tier by hybrid bonding
and micreTSV.
Thermal modeling
supported

Heterogeneous
3DNeuroSIim

[P3]

level model for
77K and 4K Cryogeniganguage, graph,
transistor technology genome,and

files calibrated for recommendation
data-center computin% stem.
and quantum

peripheral co 3D NAND
NeuroSinp4]

Cryogenic

NeuroSinp4]

[p1] A. Lu et al., FVLSI, 2021 & DATE 2020
[p2] X. Peng et al., IEDM, 2020

[p3] X. Peng et al., TED, 2021

[p4] P. Wang el al., ISCAS, 2021

[p5] W. Shim et al., EDL 2021
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9 Desired #PE = 4*4 9 Predefined #PE = 3*3
An example of 2*2 tiles

2>

3
v

@ 8)©

<«D/2>

Reconfigurable CIM Desigi

@©

® ®®

Q® O

@ ®

@O
®6e®
@ORQ®

If chip area is constrained, ethip weight reloading has two options:

OO
NHOIS)
@ORQ®

©®

out(e) =sum( .., )

Option 1: reload weights (with sequential processing) out(@) =sum(, ..

) nut(c)

Option 2: reload inputs (with batch processing)

®O

G

®
©)

@
@
@

0O ©W
Q) ©
&

Q0@

©

WO
(NSOIS)
@OR®

QOE® PLE®

®0eE
200

Area(mm?) 1896

3
Comparison of 32nm FeFET Chip Throughput Comparison of 32nm FeFET Chip Energy Efficienc =
100 e Sl — Q |© out() =su( | .. ) [oi()
[ Joption1 <> fpipeline ) | ~
1200 : [Joption2 A % 18} : ggzt;igrr\]; - (@ (3 \ (
D ol opora | e consvan P - ' DB WG
fal - [ [ | no area . ]
S5 l = z constraint : area constraint out(b) out(d) @ @ (—5) @) @ @
s 80 I >1r | N =
£ ol : ] &% | out = concatenaté(a)+®), (c)+d)) @ g)
= I £ 8r I B area (mm?) EZZ memory utilization (%)
_g 400 I { O 6f I i mmrou;&ut (FPS) energy efficiency (ToPsw) out(g) ouit(k)
= | - | ~ 2979 99 . . . i |
p L0 I | Partalsum: veicAllipio) (90
I c 2f I - ~> N
0 ' L] accumulated and v
3 | o4 [ o7 ] a7 ] m Jotes] it T T = i 27 | 17 ]| 11 | 2tiles | 1itie @ @ Qé“ @

Area(mm?2)

Go oftchip significantly lowers the throughput and
energy efficiency

A. Lu et al., :K/LSI, 2021 & DATE 2020 VGG-8 Rejl;et GooglLeNet AlexNet DenseNet

-121

reconfigurable design performance

model
|

horizontal
concatenated outlh) Sutl)

out = concatenaté(e)+{)+@)+h). ()+()+&)+()
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Monolithic 3D

BEOL oxide transistor A

Exp.
Data -

1E-05 1
1E-07 —#— |ds (Vds=50mV) |
—e— |ds (Vds=1V)
-1 0 1 2
Vgs (V)

Partition the designinto M3D:

A SiFEOlfor logic and ADCmodules
at /nm

Oxide BEOLfor memory and its
peripheryat 45nm

A

X. Peng et al., IEDM, 2020

I
Georgia q” School of Electrical and

N (1) Network Power Densit
@ — Md? Structure l(z) Area; Thicknegs
% = = M3D Hardware
—| @ Global Floor_p_lan Pieoioryeraprs
i ) % Peripherals | Partition - 5\Retention
A | | o< l Accum Unit /vt /\ ( A) Effects
8 Lo (4) .
e DAL &
c - 3
'% Tiles . n
% S Operation 0|
[©] Temperature ® Inference
(@) > lon & logk @ high 9°$Accuracy ;
(3) Synaptic Weight & Neural Activations temperature | et
" Integration 2D 3D
g |_[LSTP] Tech node (nm) | 45 | 7® | 45Si+45 © [450x+45 @ | 450x+7 @ | 7Si+7
(77) Device RRAM SRAM RRAM SRAM
g ADC precision 5-bit 4-bit 5-bit 4-bit
"g Cell Precision 2-bit 1-bit 2-bit 1-bit
= Ron (Q) 6 K - 6K -
E On/Off Ratio 150 - 150 -
numColMuxed 8 1
g Area (mmz) 163.05 8.36 269.27 269.27 14.50 13.06
€ |Energy Efficiency (TOPS/W)| 8.58 30.30 14.46 15.59 81.34 36.48
£ Throughput (TOPS) 0.56 1.95 2.43 2.54 5.50 5.56
% Power Density (memz) 4.00E-04 7.72E-03 | 6.23E-04 6.05E-04 4.66E-03 1.17E-02
o Via Density (#/mm?) - - 3.85E+03 | 3.85E+03 | 1.07E+05 | 1.56E+05
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— Area(mm?) — TOPS/W — TOPS

Heterogeneous 3D — TOPSimmt — Wit - Tomp(

o
o
U TSV and hybrid bonding fottiers &t 7| o 18 1
U0 ¢g2 {OKSYBYlI &SN SKAD at ALISIE_AY “lg
U SRAM: both logic and memory tier @ 7nm ol & ¥ 8 |o
. z = A - - 19
U RRAMiDAUKOStt>X whb Aa c]| ms02Y«| njvz Y
. . = - 1
@ 22nm, logic tier @ 7nm ol 81 TN 1¥
¥ + : G 0.1 1 10
U ¢{ £ RA IsWweEtgtNIRIum TSV Diameter (1m)
(a) Layer-by-Layj,-/r 7 (b) Pipeline &‘*
& / ‘__;1 / A K\ Memory
&/ i 7 & _ e Array
Sﬁ"ﬁmﬁﬂx {@«5’\? Sﬁi?t?A&dd - Voltage Divider *
r = L L
o M I /. TSV
s Sy W L HeatSpreader
&\e.&é}& & : ‘I:"-. SAR-ADC Stacked Tiers

X. Peng et al., TED, 2021
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I
SRAM based CIM accelerator

Cryogeni®NeuroSim

132
Exp Data Vth engineering 60Ot 130
r v v . f . . . . . 128 "
10_4 NMOS a4 EEDD E
[ \W/L=210/30nm 1 10 ] .U 126 =
[ Vpo=0.8V 1 1 fm ] 124
i Exp. _ =
10°f 2 oaml  _w° NMOS 1 @ 400; l2 2
< o] L W/L=100/30nn} L 120
1077 —7k] 010 Vp=0.9V 1 300 ]
[ 6K 1 V=0V 1 18
-10 300 - \ ! ! ) )
10°°f ] 10 —wo ] 04 05 06 07 08 08 10
10_12r . ] ) u BIK 1 10_12 ) ) —.engine.ered 4K. .Ilu'rD'D' |:1||'r:|
00 02 04 06 08 00 02 04 06 08 1.0
10-2 V'G (V) . . VG (V)
PMOS A " " " 11
[ W/L=1470/30nm ] 107} 1
[ PMOS 1 E1D'
__10°F W/L=100/30nm + ol
< | V=0V =
- 109} Vs=0.9V a 8t
=
300K L
[ === engineered 77K ? I
= 300K ) ) . 1020 = engineered 4K . .
-10 -08 -06 -04 -0.2 0.0 1.0 -0.8 -06 -04 -0.2 0.0 . . a a .
Vg (V) 0.4 05 06 07 0.8 0.9

P. Wang el al., ISCAS, 2(\)/2iv) VDD (V)
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1 NAND wafer [ CMOS wafer

3D NAND based GB model = ~ -

switch

4 (Output) Yy X YAZ Y, g . %
BTLN X BL2 BTLl s e 1l
Y;= inWii LA Hybrid bonding gg o oy gy o oy AT

Xi% SSL3~ / o*

=1 // ' with 7nm logic die
//% S X %3 g"ls
X, SSL2»= P
TSk <
L
g W Input buffer BL MUX / ADC
X+ SSLE— AT XDEC Adderé&Shifter / Output buffer
(InpYY) ~ csL
Wi 5T 1&‘?'9/ HV Tr. i . i_)-i"_loo
1 =
P switch | PassTr [Toral 1| = | e .
a x Chip size n u
D 2 2 3 MOEIﬁCHjel 16gmm2: % 15¢ WL energy ratio ,§
Mmilated.... N INIANAN e ' = _ WL consumption energy o
/MOE fw ) NAI\;B NAND cell > ~ Total consumption energy 60 3
5128/ (512 Gb / 128 Cm?nz) "ol T 10} <
512B JRe Staircase S .\ S
g 77.1% cell efficiency 1 = 140
I l Gating |_wl expert 2 |— 4+ 2ORKAMVAOZE | PR b -Others i Latency =61.7 pys o
m Ne?V\I/r(;?k \ E’m CMOS i J',l S 5k .\ (not change with sparsity’ :}B
51%‘ >< \\\ ADC lAccum E 4_ .\ 420
L
- : J _J 0 50 100 150 0 5 10 15 20 25 30 35
Area (mm?) Input Sparsity (%)

W. Shim et al., EDL 2021

I
Georgia q” School of Electrical and

Tech ||| Computer Engineering




Examples of Runnim@gNN+NeuroSind1.3

ANeuroSincore: device features in param.cpp
memcelltype = 2; // 1: cell.memCellType = Type::SRAM

A Type // 2: cell.memCellType = Type::RRAM

// 3: cell.memCellType = Type::FeFET

cellBit = Z; // precision of memory device
/*** parameters for SRAM **%*/

// due the scaling, suggested SRAM cell size above 2Znm: 160F"2

// SEAM cell size at l4nm: 300F*2

// SEAM cell size at 10nm: 400F*2

// SRAM cell size at Tnm: 600F~*2

A SRAM.heightInFeatureSizeSRAM = 10; // SRAM Cell height in feature size

swidthInFeatureSizeSEAM = 20 ; // SRAM Cell width in feature size
widthSRAMCellNMOS = 2;
widthSEAMCellPMOS = | ;
widthAccessCMOS = 1;
minSenseVoltage = 0.1;
/*** parameters for analog synaptic devices ***/
heightInFeatureSizelTIlR = 4; // 1T1R Cell height in feature size
widthInFeatureSizelTlR = 17; // 1T1R Cell width in feature size
heightInFeatureSizeCrossbar = 2; // Crossbar Cell height in feature size
widthInFeatureSizeCrossbar = 2; // Crossbar Cell width in feature size
resistanceOn = // Ron resistance at Vr in the reported measurement data (need to

A eNVM- resistanceOff = ce3%150; // Roff resistance at Vr in the reported measurement dat (need t
* maxConductance = (double) |/resistanceOn;

minConductance = (double) l/resistanceOff;

readVoltage = 0.5; // On-chip read wvoltage for memory cell

readPulseWidth = 10 9; // read pulse width in sec

accessVoltage = 1.1; // Gate voltage for the transistor in 1ITI1R

resistanceAccess = resistanceOn*IR DROF TOLERANCE; // resistance of access CMOS in 1T1R
writeVoltage = 2; // Enable level shifer if writeVoltage > 1.5V

| School of Electrical and
| Computer Engineering
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Examples of Runnim@gNN+NeuroSind1.3

ANeuroSincore: circuit features in param.cpp

// technode: 130 ——> wireWidth: 175
// technode: 90 ——> wireWidth: 110
// technode: 65 ——> wireWidth: 105
// technode: 45 ——> wireWidth: 80
A TeChnOIOgy' // technode: 32 -—> wireWidth: 56
- // technode: 22 ——> wireWidth: 40
// technode: 14 ——> wireWidth: 25
// technode: 10, 7 ——> wireWidth: 18
technode = K // Technology
featuresize = H // Wire width for subArray simulation
wireWidth = K // wireWidth of the cell for Accuracy calculation

. . NumRowSubArray = H // # of rows in single subArray
A SUbarray Size. numColSubArray = H // # of columns in single subArray
A ADC type/sharing/resolution:
SARADC = false; // false: MLSA
// true: sar ADC
currentMode = true; // false: MLSA use VSA
// true: MLSA use CSAR
numColMuxed = =; // How many columns share 1 ADC (for eNVM and FeFET) or parallel SRAM
levelOutput = ; // # of levels of the multilevelSenseBRmp output, should be in 27N forms; e.g. 32 levels —--> 5-bit ADC

I
Georgia q” School of Electrical and
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Examples of Runnim@gNN+NeuroSind1.3

APython wrapper that interfaces witRyTorch
A train.py (optional): some prérained models provided to skip training
VGGS8 for CIFARO, DenseNetlO for CIFARO, ResNell8 for ImageNet
A inference.py: accuracy estimation w/ hardware effects

parser.add argument ('--dataset', default='cifarl0', help='cifarll|cifarll0]|imagenest')
MOdeI/d ataset/mOde parser.add argument ('--model', default='VGGE', help='VG( DenseNetd(0|ResNetl8'")
parser.add argument('--—mode', default='WAGE', help='WAGE|FF'")
. parser.add argument ('-——wl weight', default=3)
ReSOIUtlon parser.add argument ('--w ', default=8)
parser.add argument ('-—w ivate', default=8)
parser.add argument ('--wl error', default=8)
# Hardware FProperties
# if do not consider hardware effects, set inference=0
. parser.add argument ('--inference', default=0, help='run hs
Hardware propertles parser.add argument ('--s1 ', default=128, help=':s
parser.add argument ('--2 sion', default=5, help='A
parser.add argument ('-—cs B default 1, help='cell ¢
parser.add argument('--onoffratio’', default=10, help='de ( a - Gma = 3)")
# if do not run the dev1ce retentlon / conductance wvariation effect° set vari= O V= O
. parser.add argument ('--vari', default=0, help='conductance wvariation (e.g. 0.1 standard deviation to generate random wvariation)")
Nonldeal eﬁeCtS parser.add argument ('--t', default=0, help='ret
parser.add argument('--v', default=0, help='dri £")
. . . parser.add_argument('**-j%t?:::', default=0, help='if directi lrift, if 0, random drift')
(Varlatlon retentlon) parser.add argument ('--target', default= O help—'-:lr g for fixed-directi lrift")
] current time = datetime. now() strftime (' gm %d $H %M %5')

Georgia ”l School of Electrical and
N Computer Engineering
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Examples of Runnim@gNN+NeuroSind1.3

AOptional: selfdefined network models
Al NBIFGS &2dzNJ 26y FAES Ay 4 MmALRSGBsQCoNTR2E QLRGN w

self.convl = make layers([| y 3, num planes, 3, r 1)1, args, logger)

A make_layergunction (just call it, no need to change)

I
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