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Abstract-Compute-in-memory (CilV() is a promising solution
for solving the bottleneck of frequent data movement between 
the memory and processor i.11 Von-Neumann architecture. lu
conventional multi-bit CilVI architecture, when computing N-bit 
input and N -bit weight MAC operation, 2N -1 cycles are needed
for N-bit input modulation and normally 3-4 cycles with complex 
switch operation are needed for N -bit weight realization, which 
significantly degrades the final throughput and power erficiency. 
In this work, a C-2C DAC built in the 8T SRAM CiM array
is designed for 4-bit weight and 4-bit input MAC operation, 
which can be completed in just one cycle. In the final power 
efficiency evaluation, our 4b/4b/8b CiM architecture attained up 
to 640 TOPS/W (normalized to lb/lb/lb precision) which is a 
6-10 times improvement as compared to the conventional multi­
bit CiM architectures. The proposed architecture with 4b/4b/8b
precision can provide 91.47% and 68.10% accuracy on CIFAR-10
and CIFAR-100 dataset classification, respectively.

Index Terms-SRAM, compute-in-memory (CiM), multiply­
and-accumulate (MAC). 

I. INTRODUCTION

Compute-in-memory (CiM) is a popular solution for Von­
Neumann architecture bottleneck due to frequent data move­
ment between the processor and memory. Binary neural net­
work (BNN) or temary neural network (TNN) based CiM [1)­
[5] are popular since, even with the use of binary or tema1-y
weight precision, some classification tasks can still achieve
high accuracy. Examples of such are the MNIST and SVHN
with 2 95% accuracy and high power efficiency up to 800
TOPS/W (1). However, when BNN or TNN are used for
complex classification tasks, such as CIFAR-10 and CIFAR-
100, the classification accuracy is not as satisfactory as the
accmacy of MNIST and SVHN, which is always less than 85%
[1)-[5]. A multi-bit CiM architect1n-e is therefore necessa1-y
to support higher precision nemal network processing for
complex classification tasks.

In the existing multi-bit CiM works (6)-(11), some [7)-[9] 
require 2 N -1 pulses width/counts modulation to realize N-bit 
input causing a throughput degradation, while some [6], [7], 
[9], [10] need complex switch operations (no1mally 3-4 cycles) 
to achieve N-bit weight which also leads to a throughput 
degradation. Some CiM works [7)-[9], [11) that are based 
on SRAM discharge current (his ) accumulation for MAC 
operations, degrade MAC curve linearity and variation since 
]dis is easily affected by process-voltage-temperature (PVT) 
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Fig. 1. (a) Erjsting 4b/4b CiM architecmre (6]-(9]; (b) [dis variation (u 
= I 0%) based on 2k Monte-Carlo runs in current-domain CiM [7]-(9] and 
its effect oo the final 4b/4b MAC operation corre$pondiog analog voltage 
(VMAc); (c) A n0t·malized throughput curve with conventional works [7]­
(9] and this work highlighted. 

conditions and bas a relatively larger variation as illustrated in 
Fig. l (b) than voltage-domain CiM works (4), (5) or charge­
domain CiM works (1)-(3), (6), (10). 

Fig. 1 (a) shows the conventional 4b input and 4b weight 
CiM architecture [6]-[9]. The realization of 4b input requires 
23 - 1 cycles for pulse width/counts modulation while the 4b 
weight realization necessitates 3-4 cycles with complex switch 
operations. In addition, the current-domain MAC computation
is easily affected by !dis variation (o-), as illustrated in Fig. 
l (b). We can see that 10% Iais variation obtained from 2k
Monte Carlo runs degrades the 4b/4b MAC operation, i.e., the
corresponding analog voltage (v MAC) linearity and variation.
Fig. 1 (c) shows the no1malized throughput curve plotted
according to the et'uation Thr01..ighw,it = 

MAC Operations 
·1 ,.,, C'

'l
cles 

between the architecttu·e shown in Fig. 1 (a) and tllis work,
and to be discussed later in the paper.

Tbe contributions of this work are as follow: 1) a C-
2C DAC built in the 8T SRAM CiM array is proposed to 
solve throughput degradation issues, wbere only one cycle 
is required to complete multi-bit MAC operation, therefore 
achieving as higb power efficiency (TOPS/W) as tbe BNN 
or TNN based CiM works [1)-(5], 2) charge-domain multi­
bit CiM architecture is designed with no significant MAC 
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Fig. 2. The overall CiM architecture with array size. 256>< 64 for convolutional 
neural nelwork (CNN) mapping and processing. 

curve linearity and variation degradation as current-domain 
CiM works f71-[91. 

II. 4R/4R/8R CHARGE-DOMAIN CtM DESIGN 

Fig. 2 (a) shows the overall CiM architecture with array 
size 256x64 for convolutional neural network (CNN) mapping 
and processing. The overall CiM architecture consists of 
an cx(cmal 4b DAC for input activation (IA) generation in 
each row. the built-in C-2C DAC and 4 8T SRAM cells 
fo1med compute-in-memory array, and the 8b SAR ADC for 
output acliva!ion (OA) in each column. Each bitccll of this 
array consists of a C-2C DAC for processing 4b/4b MAC 
operation and four 8T SRAM cells for 4b weight storage to 
control the C-2C DAC inputs. In this a1rny, the maximum 
simultaneously opening rows are 9 and each row is controlled 
by the summation and average (SUM and AVE) signals. Once 
the corresponding analog voltage (Vu Ac) at each column of 
4b/4b MAC operation is ready, the 8b SAR ADC will transfer 
ViwAc to the 8b digital outputs. 

Fig. 3 (a) shows the schematic of the proposed built-in C-
2C DAC and four 8T SRAM cells. The 4b weight W[3:0] 
(W[3J represents MSH and W[0J represents LSH) is stored in 
4 6T SRAM cells. which controls corresponding two Nfv[OS 
access u·ansistors. When W = 'l' and T1F = 'O'. the 4b input 
corresponding voltage (VvAO-J .4) generated by the 4b OAC 
is conductive and is applied to the built-in C-2C OAC: when 
W = '0' and W = ·I', GND is conduct.ive and is applied 
to the built-in C-2C DAC. Fig. 3 (b) provides an example to 
illustrate how the built-in C-2C DAC and four 8T SRAM cells 
function as a 4b/4b MAC unit. If the stored weight W[3:0] 
= 'l 0 l 0'. when W[3] is • 1 ·, VvAc-1 A will be selected and 
applied to the built-in C-2C DAC; when Wf21 is'()', CJND will 
be selected and applied to the built-in C-2C DAC; when W[l]

is 'l'. VDAC-IA will be selected and applied to the built­
in C-2C DAC; when WL0J is 'O', GND will be selected and 
applied to the built-in C-2C DAC. Therefore, the equivalent 
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Fig. 3. (a) Schematic diagram of the built-in C-2C DAC and four 8T SRAAf 
cells; (b) Illustration of the built-in C-2C DAC and 4 8T SRAM cells func.tioo 
as a 4b/4b MAC unil with W[3:0] = • 1010': (c) The logic rule based layou1 
of the built-in C-2C DAC and four 8T SRAM cells. 

circuil can be deduced and Lhe output voltage is resolved as 
½11 Ac - j * VvAO-JA• Fig. 3 (c) shows the logic rule ba.1-ed 
layout of the built-in C-2C DAC and four 8T SRAM cells. The 
built-in C-2C DAC is realized by Metal-Oxide-Metal (MOM) 
based sandwich and fringing structure, which avoid the area 
overhead issue. According to parallel plate capacitor equation. 
C = �Ll. when area doubles capacitance doubles. The unit 
capacitor C is formed using a single M4 layer and 2C is 
formed using both M4 layer and M5 layer. 

Pig. 4 (a) gives the MOM capacitor value extracted from 
the layout shown in Fig. 3 (c) and evaluates the MOM 
capacitor variation (oJ We can sec that the average capac­
itor C value is 0.488 fr with a maximum variation (o) of 
3.7% and the average capacitor 2C value is 0.938 fF with 
a maximum variation (a) of 2.1 %, the capacitor variation 
(a) mainly comes from the parasitic capacitance (Cpa,·asud 
between C and 2C, causing mismatch in the layout. Fig. 4
(b) shows the 3D plot for 4b/4b MAC value corresponding
analog voltage (VA1 AC) with the capacitor variation (a) shown
in Fig. 4 (a) when the number of rows turned on simul­
taneously increases from O to 9, according to the equation

. I:N-1 /Nii]••)•� I;·".._-1 WIJI*<) ' 
\l;i,r AC = :i'tJs * {VDAC-l.J.\ H 2N - }{ ,-o 2N }, 
where VDAC:-TA represents the input DAC power supply and is 
v �D since the two access NMOS are controlled by 6T SRAM 
cells which allows conducting at the voltage lower than .!'.:f D.

Fig. 5 (a) shows a comparison table of existing DAC 
strnctures used in SAR ADC. Binary-weighted DAC is widely 
used in S!\R !\DC due to its straight forward structure and 
small parasitic capacitor. However. the number of capacitor 
value used in binary-weighted DAC is determined by the 
resolution. In order to alleviate the capacitance mismatch effect 
and reduce the number of capacitor value used in binary­
weighted DAC, the resolution cannot be more than 8 bits. 
The split-weighted DAC stmcture uses a bridge capacitor to 



Fig. 4. (a) The MOM capacitor C and 2C value and the variation analysis based on the layout given in Fig. 3 (c); (b) The 30 plot for 4b/4b MAC value corresponding analog voltage (VM AC) when the number of rows turned on simultaneously increasing from O to 9. 
split the MSB capacitor array and LSB capacitor array to
alleviate the capacitance mismatch effect, and reduces the
number of capacitor value in bigh resolution applications at,
say 9 to 12 bits. Tbe C-2C DAC structure bas only two
kinds of capacitor values, but the parasitic capacitance is large
wbicb limits its resolution, say 3 to 6 bits. Fig. 5 (b) shows
the overall architecture of an 8b SAR ADC, consists of a
boostrapped switch for high speed sampling, an 8b binary­
weigbted DAC, an 8b SAR logic and a self-calibrated single­
ended sense amplifier (SA). Fig. 5 (c) shows the operation
principle of the SA. In auto-zero pha�e, the inverter input and
outplll are connected to store tbe offset voltage on CAZ and
a short current Ushort) flows through PMOS to NNIOS since
both PMOS and NMOS are switched on wben the inverter
input and output are connected. In the comparison phase, the
inverter input and output are disconnected, and the comparison
decision is made when V,vrAc > v�DAC the SA output is ' l',
when VM AC < Ve DAO the SA output is ·o·. Thanks to auto­
zero phase, the SA can achieve small offset (1.7 mV) with
small area.

Fig. 6 (a) shows the Monte-Carlo results of the 8b SAR
ADC. In the simulation, an analog input signal has a full-scale
range tJrnt increa�es from O to VDD and the corresponding
8b digital output increases from 00000000 to 11111111. The
average DNL (LSB) and INL (LSB) of tJ1e Monte-Carlo nms
are calculated, which is -0.2/+0.2 and -0.2/+0.05, respectively.
In addition, several defects occurs in around FSR/2, but tJ1ese
defects do not affect the final software inference accuracy. Fig .
6 (b) shows the power breakdown analysis for the 8b SAR
ADC, we can see that the SA power occupies 67.37% of the
ADC total power consumption, SAR control logic occupies
28.77% of the ADC total power consumption and the 8b
binary-weighted DAC only occupies 3.87% of the ADC total
power consumption. Fig. 6 (c) shows a performance summary
of tbe 8b SAR ADC, our work bas a relatively better linearity
compared to otber SAR ADC works (12]-[14], and tbis is
because the SA used in our work supports full-scale range
comparison and bas smaller offset due to self-calibration.
As for the figure of merit (FoM) which can be calculated
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Fig. 6. (a) Monte-Carlo results of the 8b SAR ADC: (b) Power breakdown analysis of the 8b SAR ADC; (c) A performance summary of the 8b SAR ADC. 
7.48 O/conv, which is higher than other works [12]-[14] after
considering technology node scaling due to relatively high SA
power consumption caused by lsh-0ri flowing through PMOS
to NMOS directly in SA auto-zero phase.

Ill. RESULTS AND DISCUSSION 
Fig. 7 shows the VGG-like neural network structure used

for CIFAR-10 and CIFAR-100 image (32x32x3 pixels) clas­
sification, and couvolutional layers mapping strategy on tbe
proposed CiM arcbitecture shown in Fig. 2. There are four
convolutional layers in our VGG-like neural network structure.
The number of filters and corresponding bitcells for weigbt
storage at each convolutional layer are as follow: in conv 1
layer, there are 64 filters occupying 9 x 64 bitcells for weigbt
storage, in conv2 layer, there are 128 filters occupying 18 x64
bitcells for weight storage, in conv3 layer, there are 256 filters



Fig. 7. The VGG-like neural network structure used for CIFAR-10 and 
CIFAR-100 image (32x32x3 pixels) classifications. a& well as the four 
convolutional layers mapping strategy on the hardware shown in Fig. 2. 
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Fig. 8. (a) The floating point validation accuracy curve of CIFAR-10 and 
CIFAR-100 image classification. respectively, using the VGG-like neural 
network: (b) A summary of Hoating point accuracy. binary accuracy/accuracy 
loss and 4b/4b/8b quantization accuracy/accuracy loss in this work for 
MNIST/CIFAR-I0/CIFAR-100. 

occupying 36x64 bitcells for weight storage, in conv4 layer, 
there are 512 filters occupying 72x64 bitcells for weight 
storage. The remaining rows are not activated. 

Fig. 8 (a) shows the floating point validation accuracy curve 
of CII--"'AR-IO and CIFAR-100 image classification, respec­
tively, using the VGG-like neural network shown in Fig. 7. 
We can see U1at Ule floating point accuracy of CIFAR-10 
and CII--"'AR-L00 is 93.68% and 70.49% respectively. How­
ever, after 4b/4b/8b quantization in U1is work, CIFAR-10 and 
CIFAR-100 image classification accuracy drops to 91.47% and 
68.10% with 2.21 % and 2.39% accuracy loss, respectively, 
as compared 10 the floating point accuracy as sunu11arized in 
Fig. 8 (b) Meanwhile, MNIST/CIFAR-10/CIFAR-100 binary 
accuracy are analyzed as a comparison to our work. We can 
see in Fig. 8 Cb) that the binary accuracy for MNIST/CIFAR­
l 0/CIFAR-100 are 97.39%/80.02%/55.05% witl1 - l .75%/-
13.66%/-15.44% accuracy loss, respectively, as compared to 
tbe floating point accuracy. Therefore, when applied to com­
plex image classification task <CIFAR-10/CIFAR-100) higher 
precision neural network can significantly improve the final 
inference accuracy, but, when applied to less complex image 
classification (MNIS T), Ule bina1y neural network is sufficient. 

Fig. 9 shows the comparison between tbis work and otber 
state-of-art CiM works. This work proposed a built-in C-
2C DAC multi-bit CiM architecture to solve the throughput 
and power efficient degradation issue in conventional multi­
bit CiM works [6]-[8], [10], [ l  l ], [15]. We can see that in the 
conventional multi-bit CiM work (6), (8), (11), (15), the power 
efficiency is much lower than that of BNNffNN works (1)­
(3), (5). Moreover, our work uses Ule 4b/4b/8b precision MAC 

(8] [6] (151 (SJ (HI This 
TCAS--1'20 ISCAS'21 AICAS':!O JSSC'20 JSSC'20 wo,k 

Precess {nm) 65 65 40 65 55 40 

Cell Type 6T 8T 6T 12T 8T 8T 

Logie Rule Layout Y•s Yes No Yes No Yos 

CeOAre.a 343tt 657 P 240 ft 9271' 318 P 71012 

Operation Domain Current Cl,o,ge NA Cl,o,ge Cum,nt Choroe 

• of rows trunod on NA 128 NA 2� 9/18 9 
slmu1antousty 

1/2/3 

IN/W/Oul bits S/5/4 4/4/4 81818 1/1/3,64 2/5/5 4/4/8 
4/Sn 

Power efficient 
f!OPSIW) NA 69.33 196,2 403 18.37•72,03 640 

normalize to 1b ops 

Oabset CIFAA-10 NA lmageNet CtFAR-10 CIFAR -10 CIFAA10 

Nctwo,k VGG••ke NA Mob11eNetV2 
VGG·llk• CNN VG<Hke 

RosNe1-14 

87.23% 
85.56% 

Accuracy 88.83% NA NA 
85.72% 

90.2% 91.47% 

90.42% 

Fig. 9. Comparison table between the proposed work and the state-of-art CiM 
works 

operation, where the final evaluated power efficiency does not 
suffer much as the conventional ones [6]-[8], [10], [11], [15], 
since our proposed built-in C-2C DAC and 8T SRAM cells 
structure consumes less power which is 543. 7 pW due 10 low 
C-2C DAC input voltage (from O 10 v fl2) and small capacitor
dynamic power (small MOM capacitor value), and the main 
power consumption comes from the 8b SAR-ADC and the
4b inpu1 activation DAC. In addition, our proposed buil1-in
C-2C DAC does not require extra area and 1he average 8T
SRAM cell area is 710 /2 which is rea5onable compared 10
other works (5), (6), (8), (11), [15). In our work, the software
inference accuracy using 4b/4b/8b VGG-like neural network
for CIFAR-10 is 91.47% which is competitive compared 10
other multi-bit C:iM works (8), [10), (11].

IV. CONCLUSION

This paper proposed a 4b/4b/8b precision charge-ba5ed 
CiM architecture for convolutional neural network process­
ing. Compared t0 conventional multi-bit CiM works [6]­
(11), which requires 2

N - 1 cycles for N-bit input pulse 
width/counts modulation and 3-4 cycles with complex switch 
operation for N-bit weight realization, this work mandates just 
one cycle to complete the 4b/4b MAC operations, which is 
credited to the C-2C DAC built in the 8T SRAM CiM array, 
significantly improves the throughput of the multi-bit input and 
multi-bit weight MAC operation. In the final power efficiency 
evaluation, our work achieves 640 TOPS/W, which is 6 to 10 
times higher than the conventional designs [6)-[8), [11). ln 
addition, the builr-in C-2C DAC in our work does not call for 
extra area since t11e capacitor is based on MOM sandwich and 
fringing structure. 
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