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Abstract—Compute-in-memory (CiM) is a promising solution
for solving the bottleneck of frequent data movement between
the memory and processor in Von-Neumann architecture. In
conventional multi-bit CiM architecture, when computing N -bit
input and N -bit weight MAC operation, V-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 efficiency.
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/db/8b CiM architecture attained up
to 640 TOPS/W (normalized to 1b/lb/1b precision) which is a
6-10 times improvement as compared to the conventional multi-
bit CiM architectures. The proposed architecture with 4h/4b/8b
precision can provide 91.479% and 68.10% accuracy on CIFAR-10
and CIFAR-100 dataset classification, respectively.

Index Termms—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 ternary neural network (TNN) based CiM [1]-
[5] arc popular since, even with the use of binary or ternary
weight precision, some classification tasks can still achieve
high accuracy. Examples of such are the MNIST and SVHN
with > 95% accuracy and high power efficiency up to 800
TOPS/W [1]. However, when BNN or TNN arc used for
complex classification tasks, such as CIFAR-10 and CIFAR-
100, the classification accuracy is not as satisfactory as the
accuracy of MNIST and SVHN, which is always less than 85%
[11-[5]. A multi-bit CiM architecture is therefore necessary
to support higher precision neural network processing for
complex classification tasks.

In the existing multi-bit CiM works [6]-[11], some [7]-[9]
require 2V —1 pulses width/counts modulation to realize N -bit
input causing a throughput degradation, while some [6], [7],
[9], [10] need complex switch operations (normally 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 (ly;s) accumulation for MAC
operations, degrade MAC curve lincarity and variation since
Liis is casily affected by process-voltage-temperature (PVT)
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Fig. 1. (a) Existing 4b/4b CiM architecture [6]-[9]; (b) [4;, variation (o
= 10%) based on 2k Monte-Carlo runs in current-domain CiM [7]-[9] and
its effect on the final 4b/4h MAC operation corresponding analog voltage
(Vazac): (©) A normalized throughput curve with conventional works [7)
[9] and this work highlighted.

conditions and has a relatively larger variation as illustrated in
Fig. 1 (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 [0]-[9]. The realization of 4b input requires

3 — 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 casily affected by [qis variation (o), as illustrated in Fig.
1 (b). We can sce that 10% [4;s variation obtained from 2k
Monte Carlo runs degrades the 4b/4b MAC operation, i.c., the
corresponding analog voltage (Var4¢) linearity and variation.
Fig. 1 (¢) shows the nommalized throughput curve plotied
according to the equation T'hroughput Mac Oﬁfgg“"”“
between the architecture shown in TFig. 1 (a) and ti’ his work,
and to be discussed later in the paper.

The contributions of this work arc as follow: 1) a C-
2C DAC built in the 8T SRAM CiM array is proposed 1o
solve throughput degradation issues, where only one cycle
is required to complete multi-bit MAC operation, therefore
achieving as high power efficiency (TOPS/W) as the 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 256X 64 for convolutional
neural network (CNN) mapping and processing.

Array Size: 256 X 64

curve linearity and variation degradation as current-domain
CiM works [71-[9].

Il. 48/48/8B3 CHARGE-DOMAIN CCTM DESIGN

Fig. 2 (a) shows the overall CiM architecture with array
size 256 x 64 for convolutional neural network (CNN) mapping
and processing. 'The overall CiM architecture consists of
an cxternal 4b DAC for input activation (IA) genceration in
each row. the built-in C-2C DAC and 4 81 SRAM cells
formed compute-in-memory array, and the 8b SAR ADC for
output activation (OA) in cach column. Each biteell of this
array consists of a C-2C DAC for processing 4b/db MAC
operation and four 81 SRAM cells for 4b weight storage to
control the C-2C DAC inputs. In this aay. the maximum
simultaneously opening rows are 9 and each row is controlled
by the summuation and average (SUM and AVIY) signals. Once

the corresponding analog voltage (Vasa¢) at each column of
db/4b MAC operation is ready, the 8b SAR ADC will transter

Vit ae to the 8b digital outputs.

Fig. 3 (a) shows the schematic of the proposed built-in C-
2C DAC and four 81 SRAM cells. The 4b weight W[3:0)]
(W[3] represents MSB and W[0] represents 1.SB) is stored in
4 6T SRAM cells, which controls corresponding two NMOS
access transistors. When W = 717 and W = °0°. the 4b input
corresponding voltage (Vy,.a4¢: ;1) generated by the db DAC
is conductive and is applied to the built-in C-2C DAC: when
W = "0" and W = "I", GND is conductive 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/db MAC unit. If the stored weight W[3:0]
=101, when W3] is 17, Vpace—ra will be selected and
applied to the built-in C-2C DAC; when W[2] is "07, GND will
be selected and applied to the built-in C-2C DAC; when W[l]
is "1I'. Vpac—ra will be sclected and applied to the buili-
in C-2C DAC; when W[0] is 0", 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 SRAM
cells; (b) Iustration of the built-in C-2C NDAC and 4 8T SRAM cells function
as a 4h/4b MAC unit with W([3:0] = "1010™: (¢) The logic rule based layout
of the built-in C-2C DAC and four 8T SRAM cells.

circuit can be deduced and the output voltage is resolved as
Vitac — g « Vpac—ra. Fig. 3 (¢) shows the logic rule based
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.
= ‘—‘lgi. 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.

[ig. 4 (a) gives the MOM capacitor value extracted trom
the layout shown in TFig. 3 (¢) and evaluates the MOM
capacitor variation (¢). We can sce that the average capac-
tor C value is 0488 fI¥ with a maximum variation (a) of
3.7% and the average capacitor 2C value is 0.938 fF with
a4 maximum variation (o) of 2.1%, the capacitor varnation
(o) mainly comes from the parasitic capacitance ((‘parasitic)
between C and 2C, causing mismatch in the layout. Fig. 4
(b) shows the 3D plot for 4b/db MAC value corresponding
analog voltage (Vr a¢) with the capacitor variation (¢) shown
in Fig. 4 (a) when the number of rows turned on simul-
taneously increases from 0 to 9, according to the equation
El“;?.‘?lx,_\'lflm' ¥ Z;‘:n‘zz'\‘_’ljlw’ 3

Virac = mawes *{Vpacira
where Vi acj 4 represents the input DAC power supply and is
L_-’%Q since the two access NMOS are controlled by 6T SRAM
cells which allows conducting at the voltage lower than (—:——

Fig. S (a) shows a comparison table of existing DAC
structures used in SAR ADC. Binary-weighted DAC 1s widely
used in SAR ADC 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 § bits.
The split-weighted DAC structure uses a bridge capacitor to
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Fig. 4. (a) The MOM capacitor C and 2C value and the variation analysis
based on the layout given in Fig. 3 (¢): (b) The 3B plot for 4b/4b MAC value
corresponding analog voltage (Vs .4¢) when the number of rows turned on
simultaneously increasing ftom O to 9.

split the MSB capacitor array and 1.SB capacitor array to
alleviate the capacitance mismatch effect, and reduces the
number of capacitor value in high resolution applications at,
say 9 to 12 bits. The C-2C DAC structure has only two
kinds of capacitor values, but the parasitic capacitance is large
which 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 bhinary-
weighted DAC, an 8b SAR logic and a self-calibrated single-
ended sense amplifier (SA). Fig. 5 (¢) shows the operation
principle of the SA. In auto-zero phase, the inverter input and
output are connected to store the offset voltage on 4z and
a short current (144,,,¢) lows through PMOS to NMOS since
both PMOS and NMOS are switched on when 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 Visac > Vepac the SA output is "1,
when Vi ae < Venace the SA output is 0", 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 that increases from 0 to VDI and the corresponding
8b digital output increases from 00000000 to 11111111, The
average DNL. (1.SB) and INL (1.SB) of the Monte-Carlo runs
are calculated, which is <0.2/40.2 and <0.2/+0.05, respectively.
In addition, several defects occurs in around FSR/2, but these
defects do not aftect the final software inference accuracy. Fig.
6 (b) shows the power breakdown analysis for the 8bh 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 &b
binary-weighted DAC only occupies 3.87% of the ADC total
power consumption. Fig. 6 (¢) shows a performance summary
of the 8b SAR ADC, our work has a relatively better linearity
compared to other SAR ADC works [12]-[14], and this is
because the SA used in our work supports full-scale range
comparison and has smaller offset due to self-calibration.
As for the figure ot merit (FoM) which can be calculated

using the equation FeM = T% our work achicves
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Fig. 5. (a) A comparison table of existing DAC structures used in SAR ADC:
() the overall architecture of 8b SAR ADC; (c¢) the operation principle of
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Fig. 6. (a) Monte-Carlo results of the 8 SAR ADC: (b) Power breakdown
analysis of the 8b SAR ADC: {(c) A performance summary of the 8b SAR
ADC.

7.48 tl/conv, which is higher than other works [12]-[ 14] after
considering technology node scaling due to relatively high SA
power consumption caused by Igr. llowing through PMOS
to NMOS directly in SA auto-zero phase.

IIT. RESULTS AND DISCUSSION

Fig. 7 shows the VGG-like neural network structure used
for CIFAR-10 and CIFAR-100 image (32x32x 3 pixels) clas-
sification, and convolutional layers mapping strategy on the
proposed CiM architecture shown in Fig. 2. There are four
convolutional layers in our VGG-like neural network structure.
The number of filters and corresponding bitcells for weight
storage at each convolutional layer are as follow: in convl
layer, there are 64 filters occupying 9x 64 bitcells for weight
storage, in conv2 layer, there are 128 filters occupying 18x64
bitcells for weight storage, in conv3 layer, there are 256 filters
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Fig. 7. The VGG-like neural network structure used for CIFAR-10 and
CIFAR-100 image (32x32x3 pixels) classificavons. as well as the four
convolutional layers mapping strategy on the hardware shown in Fig. 2.
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Fig. 8. (a) The Noating point validation accuracy curve of CIFAR-10 and

CIFAR-100 image classification. respectively. using the VGG-like neural
network: (b) A summary of Reating point accuracy. binary accuracy/aceuracy
loss and 4b/4b/8b quantization accuracy/accuracy loss in this work for
MNIST/CIFAR-10/CIFAR-100.

occupying 36x64 bitcells for weight storage, in conv4 layer,
there are S12 filters occupying 72x64 bitcells for weight
storage. ‘The remaining rows are not aclivated.

Fig. 8 (a) shows the floating point validation accuracy curve
of CIFAR-10 and CIFAR-100 image classification, respec-
tively, using the VGG-like neural network shown in Fig. 7.
We can see that the floating point accuracy of CIFAR-10
and CIFAR-100 is 93.68% and 70.49% respectively. How-
ever, after 4b/4b/8b quantization in this work, CIFAR-1() and
CIFAR-100 image classification accuracy drops to 91.47%: and
68.10% with 2.219% and 2.39% accuracy loss, respectively,
as compared to the floating point accuracy as summarized in
Fig. 8 (h). Meanwhile, MNIST/CIFAR- 10/CIFAR-100 binary
accuracy are analyzed as a comparison to our work. We can
see in Fig. 8 (b) that the binary accuracy for MNIST/CIFAR-
10/CIFAR-100 are 97.39%/80.029%/55.05% with  -1.75%/-
13.606%/-15.44% accuracy loss, respectively, as compared to
the Hoating 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 (MNIST). the binary neural network is sufficient.

Fig. 9 shows the comparison between this work and other
state-of-art CiM works. This work proposed a built-in C-
2C DAC multi-bit CGiM architecture to solve the throughput
and power efficient degradation issue in conventional multi-
bit CiM works [6]-[8]. [10], [111, [15]. We can see that in the
conventional multi-bit CiM work [6], (8], [11], [I15], the power
efficiency is much lower than that of BNN/TNN works [1]-
(3], [5). Moreover, our work uses the 4b/4b/8b precision MAC

(8) [6) [1s1 (5] (19) This
7CAS-1'20 | ISCAS'21 | AICAS'20 JSSC'20 JSSC'20 work
Pracass (nm) 65 65 40 65 55 40
Call Typo 6T 8T eT 12T 8T 8T
Loplc Rule Layout Yes Yes No Yes Ng Yes
Cell Area 34312 €57 i 240 12 927 f* 318 2 710 2
Operation Domain Current Charge NA Charge Curtrent Charge
& of rows truned on
simutaneously NA 128 NA 256 9/18 9
i | 11213 3
IN/W/Out bits S/5/4 4/4/4 8878 1/1/3.64 2/5/5 4/4/8
4/57
Powaer efficiant
(TOPS/W) NA 69.33 196.2 403 18.37-72.03 640
normalize to 1b ops
Dataset CIFAR-10 NA ImageNot CIFAR-10 CIFAR-10 CIFART0
VGG-like
Network VGG-tike NA MobteNetV2 ResNet. 14 CNN VGG-bke
85.56%
Accuracy 80.83% NA NA g;ggz’ 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], [L1]. [15].
since our propused built-in C-2C DAC and 8T SRAM cells
structure consumes less power which is 543.7 pit’ due to low
C-2C DAC input voltage (from 0 10 Y£2) and small capacitor
dynamic power (small MOM capacitor value), and the main
power consumption comes from the 8b SAR-ADC and the
4b input activation DAC. In addition, our proposed buili-in
C-2C DAC does not require extra area and the average 8T
SRAM cell area is 710 f2 which is reasonable compared (o
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 (0
other multi-bit CiM works [8], [10], [11].

1V. CONCLUSION

This paper proposed a 4b/4b/8b precision charge-based
CiM archilecture for convolutional neural network process-
ing. Compared to conventional multi-bit CiM works [6]-
[11], which requires 2V — 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
cvaluation, our work achieves 640 TOPS/W, which is 6 to 10
times higher than the conventional designs [6]-[8], [L1]. In
addition, the built-in C-2C DAC in our work does not call for
extra area since the capacitor is based on MOM sandwich and
fringing structure.
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