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Digital-memory Hybrid Counter-based SRAM
In-memory Computing
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Abstract: To address the bottleneck caused by the memory wall in conventional computing systems, in-memory
computing (IMC) has gained significant research interest. While the digital approach to IMC can achieve high
accuracy, its energy efficiency is often lower than that of analog IMC approaches. To address this limitation, the
Ternary-output Binary Neural Network-based IMC (ToBNN-IMC) has gained attention. TOBNN-IMC can achieve
both high accuracy and energy efficiency through its digital nature and the use of a zero-skipping technique. How-
ever, TOBNN-IMC has been experienced only with STT-MRAM memory macro. Moreover, its accumulating strat-
egy, which counts multiplication results using a counter with a fixed bit-width, can suffer from degraded accuracy
when the number of multiply-accumulate (MAC) operations exceeds the counter’s range. To overcome this issue,
the proposed digital-memory hybrid counter-based SRAM IMC (hybrid SRAM-IMC) employs a counter design
referred to as the scalable exponent counter, which enables accurate accumulation and direct extraction of neu-
ron activation regardless of the number of MAC operations. By implementing this design, the hybrid SRAM-IMC
achieved 96.58% inference accuracy on the MNIST dataset, 88.64% on the CIFAR-10 dataset, and 94.00% on
the SVHN dataset, demonstrating accurate MAC operation without any accuracy loss, regardless of the number of
accumulations.
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I. INTRODUCTION

To overcome the conventional computing architecture’s
memory wall [1-3], in-memory computing (IMC) has
been actively studied for its ability to perform multiply-
accumulate (MAC) operations directly within memory
macro, thereby reducing data transfer overhead [4]. IMC
architectures are generally categorized into analog and
digital types. Although analog IMC offers high energy ef-
ficiency, it often sacrifices computational accuracy [5-7]
and area efficiency [8].
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In response, recent research has investigated methods
to enhance the energy efficiency of digital IMC while
maintaining high accuracy. One promising approach to
efficient digital IMC is the Ternary-output Binary Neural
Network-based IMC (ToBNN-IMC) [9].

Like conventional BNNs, ToBNN binarizes both
weights and inputs. However, it differs by encoding inputs
as 0 and 1 instead of —1 and +1, leading to ternary mul-
tiplication output of —1, 0, or +1. This ternary behavior
enhances numerical diversity and improves the precision
of the MAC operation while preserving the simplicity of
binary input encoding.

ToBNN-IMC has previously been explored only in
MRAM-based IMC architecture. However, TOBNN is also
well suited for SRAM-based IMC architecture, where the
memory array remains identical to that of a conventional
6T-SRAM design, owing to its use of only one bit-cell
per weight, in contrast to other MRAM-based BNN-IMC
designs [9].
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To accumulate multiplication results, TOBNN-IMC sys-
tems employ counters. Although the area overhead of the
digital counter is over ten times smaller than that of the
ADC used in analog IMC, it is still more than ten times
larger than the overhead of the Sense Amplifier (SA)
[9-11,15]. Reducing counter bit-width can alleviate this
issue, but it risks degrading MAC accuracy, making bit-
width optimization a complex task dependent on model
and dataset variability. Thus, this paper proposes a digital-
memory hybrid counter that repurposes a portion of the
SSRAM cells, which would otherwise be used solely for
weight storage, to store intermediate computation results
and support neuron-activation extraction. And by utilizing
this method, the proposed digital-memory hybrid counter-
based SRAM IMC can utilize low bit-width counter while
eliminating the degradation of MAC accuracy.

In this paper, Section II first introduces ToBNN, the
SRAM-based ToOBNN-IMC, the counter architecture used
in TOBNN-IMC, and the direct extraction method for neu-
ron activation. Section III then proposes the core of the
presented IMC architecture, the exponent counter, and in-
troduces the scalable exponent counter structure, which
enables simplified and scalable operation using registers.
In Section IV, we propose the digital-memory hybrid
counter-based SRAM IMC architecture by applying the
scalable exponent counter to the SRAM-based ToOBNN-
IMC and discuss its circuit design and SRAM memory
mapping strategy. Subsequently, in Section V, we present
software-level simulations, post-layout simulations, and
performance metrics derived from throughput calculation.
In Section VI, we compare the proposed architecture with
prior works, and finally, Section VII concludes the paper.

II. PRELIMINARY

1. Binarization and Optimization of TOBNN

As described in the introduction, TOBNN differs from
conventional BNNs in the binarization of inputs and
weights. Conventional BNNs binarize both input and
weight values as shown in Eq. (1), where x is the bina-
rized value and x is real value.

1, ifx>0.
X’ = sign(x) = { (1

—1 otherwise.

However, in ToBNN, only the weight binarization fol-
lows Eq. (1), while the input is binarized using a step func-

tion, as shown in Eq. (2) below.

b 1, ifx>0,
X" =step(x) = (2
0, otherwise.

Due to the different binarization methods for input and
weight, the multiplication results between an input and a
weight can take one of three values. Unlike conventional
BNN:s, this increase in possible output states leads to im-
proved inference accuracy in TOBNN.

In addition, since the input is binarized to 1 or 0, the
multiplication operation can be simplified. when the input
is 1, the binarized weight directly becomes the multiplica-
tion result, and when the input is 0, the output is 0. More-
over, because the zero output does not affect the accumu-
lation, the computation can be skipped when the input is
0. This technique, referred to as zero-skipping, can signif-
icantly reduce the computational power required for the
neural network.

2. SRAM-based ToBNN-IMC

The SRAM-based ToBNN-IMC utilizes a conventional
6T-SRAM macro, where the weights are stored in the
SRAM bit-cells, and the input is directly applied to word
lines (WLs) through the WL decoder. Since the inputs are
binarized to either 1 or 0, multiplication can be imple-
mented by sequentially activating the WLs and reading the
corresponding bit-cells using the SA when the input is 1.
In the case of input 0, the corresponding WL read opera-
tion is skipped using the zero-skipping technique, thereby
minimizing the power and latency of the MAC operation.
The write driver (WD) is used to write weight values to
the SRAM array. However, it is not used during neural
network inference computation. The MUX is connected
to multiple SRAM column bit-lines (BLs) and selects a
BL to connect to the SA and WD. This configuration in-
creases the number of weights that a single counter can
handle. The shared controller controls the overall periph-
erals, and the simultaneous operation of these peripherals
enables paralle]l MAC operation.

3. Up/Down Counter in SRAM-based ToBNN-
IMC

Due to the serial activation of WLs, the multiplication
results are generated sequentially. Accordingly, the accu-
mulation result must also be stored and updated in a se-
quential manner, which is most efficiently implemented
using a counter. The counter is implemented after the SA,
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Fig. 1. Overall architecture of SRAM-based TOBNN-IMC.

and the read weights are propagated to the counter in-
put. Since the SA output becomes either 41 or 0, corre-
sponding to multiplication results of +1 or —1, the counter
must support both increment and decrement operations.
Therefore, TOBNN-IMC employs an up/down counter.
The overall architecture of SRAM-based TOBNN-IMC is
shown in Fig. 1.

4. Counter Initialization Strategy of ToOBNN-IMC

In ToBNN-IMC, the neuron’s non-linear activation is
implemented by the counter macro, eliminating extra acti-
vation hardware [9]. Since the activation is a step function,
its output can be taken directly from the MSB of an N-bit
counter.

The counter is initialized to the midpoint value (MSB
= 0, all lower bits = 1), which is defined as zero. With
this configuration, the MSB serves as the decision bit. Af-
ter accumulation, MSB = 1 (count > midpoint) maps to
output 1, whereas MSB = 0 (count < midpoint) maps to
output 0.

5. Limitation of Conventional Counter in ToBNN-
IMC

Since a digital counter has a fixed bit-width, its count-
ing range is also limited. If an increment or decrement
operation exceeds this range, overflow or underflow can
occur, resulting in a loss of the accumulated value. To
address this issue, the counter’s bit-width must be suffi-
ciently large to support the target neural network appli-
cation in the IMC system. However, increasing bit-width
proportionally increases the number of FFs and the associ-
ated digital logics. Consequently, to support a wide range

of neural network models in TOBNN-IMC, the counter’s
bit-width must be designed to accommodate the largest
expected model. This leads to significant area and energy
overheads due to the enlarged counter structure.

III. THE EXPONENT COUNTER

To minimize the area and energy overheads caused by
the large-bit-width counter required to support various NN
models in TOBNN-IMC, this paper proposes a modified
counter structure, termed the Scalable Exponent Counter
(scalable EC), which is discussed below.

1. Preliminaries of the Exponent Counter (EC)

Consider an up/down counter initialized to zero, oper-
ating within a symmetric range of =N. When the count
value exceeds the defined range, the counter generates a
plus carry or minus carry signal and resets its count to
zero. Each carry represents a value weighted by (N+1) rel-
ative to the up/down input, corresponding to the counter’s
range.

This counter design is referred to as an Accumulative
Carry Counter (ACC) due to its ability to accumulate in-
puts and output carries. When M such ACCs are con-
nected in a cascaded manner, where the carry output of a
lower-level counter serves as the input to the next higher-
level counter, the final counter receives an input weighted
by (N +1)"~! relative to the original input. This cascaded
chain of ACCs is termed EC, as mentioned earlier, due
to the exponential scaling of the propagated carry through
successive stages.

An illustration of the ACC and EC is shown in Fig. 2.
After the counting process is complete, each ACC retains
a residual count (RC) after propagating any carries to the
next ACC. The overall accumulated value of the EC can
be obtained by multiplying each ACC’s RC by its corre-
sponding exponential weight and summing across all lev-
els. Eq. (3) describes this operation.

M-I A
Accumulated value = ) RC; x (N+1)". 3)
i=0

In ToBNN-IMC, however, to extract the neuron activa-
tion output from the counter, the required information is
not the full accumulated value, but simply whether the ac-
cumulated value is greater than zero or not. Accordingly,
Eq. (3) does not need to be computed to determine the
neuron activation in the EC.
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Fig. 2. (a) Diagram of the accumulative carry counter (ACC). (b)
Diagram of the exponent counter (EC) composed with
multiple ACCs.

Algorithm 1: Determining neuron activation from
ACC’s RC values.
. Input: RCy;_1,RCy;_»,...,RCy from M cascaded
ACCs
. Output: Neuron activation A (0 or 1)
. fori=(M—1)to1do
if RC; > 0 then
A <+ 1;return A;
else if RC; < 0 then
A+ 0; return A;

p—

end for
. A<+ 0O; return A;

R I P

To decide whether the accumulated value is greater than
zero, the RC; are compared with zero in sequence. Since
the exponential weighting makes a higher-level RC dom-
inate lower-level RCs, if the comparison at a higher-level
yields RC > 0 or RC < 0, the neuron activation is imme-
diately determined as 1 or O, and comparisons at lower
levels are skipped. A lower-level comparison is performed
only when the higher-level RC are equal zero. If all RCs
are equal to zero, the activation is 0 by the nature of the
step function. The EC’s activation decision method can be
found in Algorithm 1.

2. The Scalable EC

A scalable implementation of the EC can be realized by
reusing a single ACC. In this design, two registers are uti-

lized: Carry Register for storing the carry values and RC
register for storing the RCs of the ACC. As described in
Algorithm 1, since only the sign of the RC is required, the
MSB of the binary counted value, referred to as the RC-
sign, is stored in the register. This architecture is termed
the scalable EC and is illustrated in Fig. 3(a).

The operation of the scalable EC can be divided into
three cycles. In the first cycle, the ACC receives up/down
signals and performs counting operations, accordingly, as
shown in Fig. 3(b). Whenever a carry is generated during
this process, the counting is paused, and the carry is stored
in the carry register for use in the next cycle, after which
the ACC is reset to zero. After all inputs have been pro-
cessed, the RCsign is stored in the RC register, and the
ACC is again reset in preparation for the next accumula-
tion, as illustrated in Fig. 3(c).

In the second cycle, the ACC begins accumulation by
receiving the carry values stored during the first cycle
as input, as shown in Fig. 3(d). Any new carries gener-
ated during this accumulation overwrite the obsolete car-
ries from the previous counting. Once the accumulation is
complete, the RCsign is again stored in the RC register.
The RCsigns are saved in the latest order in the register so
that they can be checked in that order when extracting the
neuron activation. After storing the RCsign, ACC is reset.
This cycle is repeated until no further carry is generated.

In the final cycle, the neuron activation is determined
based on the sequence of RCsigns stored in the RC regis-
ter, as illustrated in Fig. 3(e). The RCsigns are examined
in the latest order, and the first non-zero RC encountered
is taken as the neuron activation.

The timing diagram for the scalable EC with ACC
counting range of £3, write-enable (WE) of the Carry reg-
ister, and the RC register is shown in Fig. 4. The Carry
register’s read address is synchronized to the ACC input
signal, and the write addresses of both registers are syn-
chronized to their respective WE signals.

IV. DIGITAL-MEMORY HYBRID
COUNTER-BASED SRAM IMC

1. Overall Architecture of Digital-memory Hybrid
Counter-based SRAM IMC

The scalable EC can be integrated into TOBNN-IMC by
replacing its registers with reserved memory cells. There-
fore, by modifying the SRAM-based ToOBNN-IMC to use
the SRAM memory array as a replacement of registers,
the scalable EC functionality can be implemented, realiz-
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Fig. 4. Timing diagram of scalable EC with the ACC, counting range of £3.

ing the digital-memory hybrid counter-based SRAM IMC
(hybrid SRAM-IMC). Specifically, the up/down counter
of SRAM-based ToBNN-IMC is replaced with the ACC,
and a register write circuit (RW) is added, connected to
the ACC and WD to determine the SRAM write values.
All peripheral and digital circuits, including scalable EC,
are managed by a single controller, as in the SRAM-based
ToBNN-IMC. The circuit diagram of hybrid SRAM-IMC
is shown in Fig. 5.

In this architecture, a subset of SRAM bit-cells per
ACC is repurposed as registers for the corresponding scal-
able EC. Although various strategies can be adopted for
SRAM mapping to serve as registers, this work employs a
dedicated column-based allocation strategy, where a spe-
cific SRAM column is reserved exclusively for register
use. The carry outputs of the scalable EC are sequentially
stored at the beginning of the corresponding SRAM col-
umn, and the RCsigns are stored following the carry sec-
tion. The operation of the digital-memory hybrid counter-
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Fig. 5. Circuit diagram of hybrid SRAM-IMC.

based SRAM IMC follows the same three-cycle procedure
as the scalable EC, with the addition of memory read and
write operations.

During the first cycle of the proposed hybrid SRAM-
IMC, WLs are activated only when the input is 1, thereby
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enabling multiplication operations. In this cycle, each
ACC updates its count according to the multiplication re-
sult between the input and the weight. If a carry is gener-
ated during counting, counting is paused, and the gener-
ated carry is sequentially stored in the SRAM array. And
after all the multiplied results are fed to the ACC, the RC-
sign is stored in the SRAM array at the address following
the carry entry. The controller stores the address of the
last-written carry and RCsign entries, so it can correctly
point to the write address for the next carry or RCsign
value.

In the second cycle, since all of the carries should be
accumulated into the counter, the zero-skipping operation
is not adopted. Thus, all WLs are sequentially activated,
and the stored carry values from the previous cycle are
fed back into the ACCs. Like the first cycle, if a carry
is generated during the accumulation of the last cycle’s
carry values, those values are overwritten sequentially in
the SRAM array. After all the carries are accumulated, the
current RCsign is written after the carry entries. The previ-
ously stored RCsigns are then read and rewritten to follow
the current RCsign. This cycle is repeated until no further
carry is generated.

In the last cycle, each ACC reads the RCsigns stored in
the SRAM array to generate the neuron activation output.

The overall operation of the hybrid SRAM-IMC fol-
lows the Scalable EC timing diagram in Fig. 4. How-
ever, its specific behavior differs due to the hybrid SRAM-
IMC'’s counter structure and control logic.

2. Carry Encoding and End-Flag Mechanism

Since multiple ACCs are controlled by a shared single
controller, the ACCs cannot operate independently. There-
fore, even if one ACC generates a carry, the other ACCs
are still required to write a value to the SRAM memory, re-
gardless of whether they generated a carry. In such cases,
a neutral value should be written to the memory instead of
plus or minus carry.

Furthermore, since the amount of carry is not fixed and
depends on the neural network size, the combination of
weight values, and the input data, the controller in the sub-
sequent counting cannot determine at which WL address
to stop reading the carry value stored from the previous ac-
cumulation. Therefore, an end-flag is required to indicate
when to terminate reading the carry values.

These two additional states that need to be written in
the SRAM memory make a single bit-cell insufficient to

represent four possible states. Therefore, two SRAM bit-
cells are allocated to represent the four states: 11 for plus
carry, 00 for minus carry, 01 for neutral value, and 10 for
the end-flag.

With this approach, when the ACC reads a neutral value
or end-flag, it receives one plus and one minus inputs,
effectively canceling each other out and leaving no im-
pact on the accumulated value. Additionally, the controller
checks the two bit-cells, and if their values are 10, it can
stop the accumulation process.

3. Design of ACC circuit

The counter utilized in the ACC employs a 3-bit rip-
ple carry adder (RCA)-based design, as shown in Fig. 6
[12]. The ACC is initialized to its midpoint value, which
is interpreted as zero, similar to the counter used in the
SRAM-based ToOBNN-IMC. To support symmetric range
and carry output, two AND gates and one OR gate are
used to generate the Carry signal and carry occurrence
(Occ) signal. These Carry and Occ signals are sent to
the RW, which determines the value to be written to the
SRAM memory based on them. Although the RW control
signal is shared across all ACCs, the different counter out-
puts allow each ACC to write distinct values.

As discussed in Section IIL.2, four possible states are
written to memory. When reading these two bit-cells se-
quentially, the data volume doubles, increasing the num-
ber of carry events. To address this, the ACC in the hybrid
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Fig. 6. (a) Circuit of 3-bit ACC. (b) Symbol of 3-bit ACC.
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SRAM-IMC is designed to read and accumulate the val-
ues of both bit-cells simultaneously in a single operation.

To achieve this, the ACC operates half the speed of SA.
This allows the ACC to process two SRAM bit-cell val-
ues at once. Additionally, the input signal to the counter is
latched using a DFF and compared to the previous count-
ing cycle’s input using an XNOR gate. If the input values
differ between consecutive clock cycles, the clock signal
is held low, preventing unnecessary counter updates. The
complete circuit implementation of the ACC is illustrated
in Fig. 7, and the timing diagram of SA and ACC is illus-
trated in Fig. 8.

4. RCsign Utilizing Strategy

In the final cycle of hybrid SRAM-IMC, the neuron ac-
tivation is derived by the ACC reading the RCsigns stored
after the end-flag. As in the previous two cycles, the ACC
is initialized to its midpoint value, interpreted as a zero,
and sequentially reads each RCsign. If the counted value
after processing a specific RCsign is non-zero, the sign of
the counted value extracted from the MSB is taken as the
neuron activation. If the counted value is zero, the ACC
continues to read the next RCsign until it encounters a
non-zero result.

However, a challenge arises due to the shared controller

ACCO H AcCl H ACC2 H ACC3 I
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Fig. 9. The determinant RCsign’s address difference between the
ACCs.

and WL decoder across the ACCs. Because the WL ad-
dress of the first non-zero RCsign can differ among mul-
tiple ACCs, the counter cannot determine the neuron acti-
vation at the same RCsign address for all ACCs. For ex-
ample, as shown in the simplified hybrid SRAM-IMC di-
agram in Fig. 9, the neuron activation of ACCO and ACC1
is determined at the RCsign1 address, while that of ACC2
and ACC3 is determined at RCsign2. This address differ-
ence makes it difficult to determine the neuron activation
of multiple ACC through serial memory reading.

To mitigate this issue, the activation-decision point
must be aligned across all ACCs. This can be achieved
by sequentially reading the RCsigns and updating earlier
RCsigns as it progresses. Since each ACC holds the same
number of RCsigns, this rolling update ensures that, when
the earliest RCsign is finally read, all ACCs yield a correct
activation result.

This algorithm can be realized by storing RCsigns as
4-bit values. As each RCsign is read, the MSB 3 bits of
the next RCsign are overwritten with updated data. This
process continues until the earliest RCsign, and by reading
the modified RCsign in the final counting step, all ACCs
can simultaneously determine the neuron activation.

The RCsign is initially encoded as 1111 for a positive
RCsign, 0000 for a negative RCsign, and 1010 for a zero
RCsign. These values are written into the SRAM memory
during the first and second cycles and are accumulated by
the ACC during the final cycle of the hybrid SRAM-IMC.
Each of the 4 bits in an RCsign is treated as an individual
up or down signal.

During the reading and overwriting processes, if the
ACC’s MSB becomes 1 after accumulating the current
RCsign, the RW circuit writes 111 to the three MSBs of
the next RCsign. If the MSB is 0, it writes 101, as summa-
rized in Algorithm 2.
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Algorithm 2: Determining Neuron Activation
from 4-bit RC values.
1. Input: RCsigny—1,RCsigny_s,...,RCsigng
(4-bit values)

2. where: 1111 — +4, 0000 — —4, 1010 — O,
3. Output: Neuron activation A (0 or 1);

4. fori=(M—1) to0do

S. Initialize ACC <+ 0;

6.  ACC < ACC + RCsign;

7. if i > 0 then

8. if ACC > 0 then

9. overwrite

RCsign;_;[MSB : MSB —2] + 111;
10. else
11. overwrite
RCsign;_|[MSB : MSB — 2] + 101;
12. end
13. if ACC > 0 then
14. A+ 1;
15. else
16. A+ 0;
17. return A;

This algorithm can be explained with a simple exam-
ple. Suppose two RCsign values following the end-flag are
initially stored as 1111 (positive) and 0000 (negative). Af-
ter reading the first RCsign, the ACC’s MSB becomes 1,
causing the second RCsign to be updated to 1110. When
the updated second RCsign is read, the counter accumu-
lates three up counts and one down count, resulting in
MSB = 1, and the neuron activation is correctly inferred
as 1.

As another example, if the stored RCsigns are 1010
(zero) and 0000 (negative), the ACC’s MSB after accu-
mulating the first RCsign remains 0. Therefore, the next
RCsign is updated to 1010, and when read, the counter
still holds MSB = 0, resulting in a correctly inferred neu-
ron activation output of 0.

5. Register Mapping in the Hybrid SRAM-IMC

Fig. 10 shows the proposed hybrid SRAM-IMC, which
uses one column of memory for the register of scalable
EC, out of 4 columns per MUX. The blue and yellow
memory cells represent the values stored in the SRAM
memory for the register use, while the gray memory cells

MSB out MSB out MSB out MSB out
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Fig. 10. Memory mapping of hybrid SRAM-IMC.

indicate the neural network weights stored in the memory
array. The figure illustrates two scalable EC carries, each
consisting of two bit-cells, an end flag also composed of
two bit-cells, and a single RCsign value represented by
four bit-cells.

V. SIMULATION

Software-level simulations were conducted on the pro-
posed hybrid SRAM-IMC, achieving an accuracy of
96.58% on the MNIST dataset using a multi-layer percep-
tron (MLP) model. When evaluated with a ResNet-34 on
CIFAR-10, the system achieved an accuracy of 88.64%.
Furthermore, using the ResNet-34 model and the SVHN
dataset, the system reached an accuracy of 94.00%.

The proposed hybrid SRAM-IMC circuit is laid out
with 256 bit-cells per column, and four columns are fed
into each MUX. There are 64 such MUX sets, result-
ing in a total SRAM memory capacity of 64 kb. The de-
sign was implemented using industry-compatible 28 nm
process parameter, as shown in Fig. 11. Regarding area
composition, the WL decoder accounts for 8.95%, the
read/write and ACC circuit for 9.63%, and the SRAM
array for 81.42%. The post-layout simulations were con-
ducted under the condition of a 25°C ambient temperature
and a 1.0 V supply voltage.

To calculate the throughput (TOPS) and energy effi-
ciency (TOPS/W) of the proposed circuit, the average time
and power consumption due to memory read and write op-
erations were analyzed during the accumulation of 784 in-
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Fig. 11. Circuit layout of hybrid SRAM-IMC.

put*weight multiplications based on the MNIST dataset
and a trained MLP model. Under these conditions, the av-
erage power consumption for a 2-bit memory read and
counting operation at CLK1 = 500 MHz was measured
at 82.39 uW, while the average power consumption for
a 2-bit memory write was 22.26 uW. Additionally, since
86.155% of multiplications are skipped in the MLP model
trained on the MNIST dataset [9], this results in an av-
erage of 104.5448 weight reads during 784 MAC opera-
tions. And during these MAC operations, an average of
97.113 bit-cell memory write operations were performed.

Because the data written to the memory during MAC
operations must be read back, the memory read and
counting operations need to be performed for a total of
104.5448 4+ 97.113 bits. Therefore, the average time re-
quired for 784 MAC operations can be calculated as ex-
pressed in the equation below.

tavg = Leount t+ twrite
= (104.5448 +97.113) x2 ns+97.113 x 2 ns
= 597.54 ns. (@)

Power consumption is calculated similarly, as shown
in the following equation. Notably, since the measured
power corresponds to 2-bit memory operations, it has been
normalized by dividing by 2.

(Pcoum + Pwrite) X NumberACC

P =
e Numberyac

=779.83 uW.

(&)

Accordingly, the TOPS for all 64 ACCs can be cal-

culated as presented in the following equation, where

TOPS/W is simply obtained by dividing the TOPS by
power consumption.

t —1
TOPS = 2operati ( ‘”g) x 64102
Opera on X 784

784
=0.168. (6)

54% 107\ !
=2><(5975X0> % 6410

VI. COMPARISON WITH PRIOR WORKS

A comparison with prior works was conducted, as
summarized in Table 1. The proposed hybrid SRAM-
IMC achieves substantial gains in throughput, energy ef-
ficiency, and compute density over prior work. While its
normalized performance is lower than the ISSCC’22 de-
sign [13], the task-level impact of bit-precision is modest.
On ResNet-34/CIFAR-10, INT8/INTS8 and 1-bit TOBNN

Table 1. Comparison with two architectures

ISSCC’22 [13] | TCAS-1I"23 [9] This work
Memory type 6T-SRAM STT-MRAM 6T-SRAM
Technology 28 nm
Macro area 0.03 0.093 0.102
[mm?]
Array Size [kb] 32 1024 64
Precision Int-8b / Int-8b Step-1b/ Step-1b/
[Input/weight] Sign-1b Sign-1b
Throughput 0.0055
[TOPS] 0.017 0.168
Throughput 0.352
[TBOPS]*
Energy
efficiency 27.38
[TOPS/W] 58.69 215.36
Normalized
energy 1752.32
efficiency
[TBOPS/W]
Compute density 0.183
5 .
[TOPS/mm’] 0.183 1.631
Normalized
compute density 11.712
[TBOPS/mm?]
Need of external 0 X e
accumulator
MLP MNIST:
96.58%
Resnet-18
CIFAR-10:
Inference CRFI:EEE_E g MLP MNIST: 82.85%
accuracy 92.05% [1 4]'** 92.12% Resnet-34
e CIFAR-10:
88.64%
Resnet-34
SVHN: 94.00%

* Tera bit-operation per second = TOPS * Precision;npy; * Precisionyejght

** The reported accuracy corresponds to a model quantized to the same

precision in the cited work.
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differ by only 3.41% in inference accuracy [14]. Conse-
quently, the precision-induced performance gap between
the two designs is relatively small. Specifically, compared
with the SRAM-based IMC reported at ISSCC’22 [13],
the proposed design delivers 7.87x higher energy effi-
ciency, 8.91x higher compute density and 0.47x normal-
ized throughput. Relative to the TOBNN-based design in
TCASII’23 [9], it provides 3.67x higher energy efficiency
and likewise an 8.91x increase in compute density.

The ISSCC’22 architecture is designed to accumulate
up to 32 multiplication results within the IMC macro.
When more than 32 multiplication results need to be accu-
mulated, an external accumulator outside the IMC macro
is required to serially accumulate these values. In the case
of the TCAS-II'23 architecture, no external accumulator
is needed. However, due to the limited bit-width of the
counter, the accuracy significantly degrades when accu-
mulating a large number of multiplication results. In con-
trast, the proposed hybrid SRAM-IMC does not require
an external accumulator. Furthermore, because of the scal-
able EC, it can produce accurate MAC results regardless
of the number of accumulated multiplications.

VII. CONCLUSION

In this work, we propose a digital-memory hybrid
counter-based SRAM IMC that can provide accurate
MAC results regardless of the number of multiplication
results to be accumulated. Compared with state-of-the-art
designs, the proposed architecture achieves higher energy
efficiency and compute density. Although its normalized
performance is lower than prior SRAM-IMC, the accu-
racy loss attributable to precision is modest, indicating
that the effective performance gap is relatively small. Un-
like prior 6T-SRAM-based IMC architecture, it eliminates
the need for an external accumulator, which can introduce
additional computing overhead. And when compared to
prior MRAM-based ToBNN-IMC design, it demonstrates
higher accuracy and is expected to achieve significantly
higher accuracy as the number of MAC operations in-

creases.
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