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Abstract—In-memory computing (IMC) addresses the data
movement challenges of traditional von Neumann architectures.
Among the available memory technologies, SRAMs are fast,
robust, and CMOS compatible, making SRAM-based digital in-
memory computing suitable for Boolean machine learning appli-
cations. However, most SRAM-based digital IMC architectures
require specialized addressing strategies and demonstrate wired
operations at schematic level. It is essential to analyze operand
scalability for wired operations under layout-dependent parasitic
effects. Moreover, generating custom memory macros is complex:
proprietary or open-source memory compilers target standard
memories and often require information obtained through tedious
methods. This paper proposes AURORA - an automated 8T
SRAM IMC array that performs multicast wired-OR across the
array. AURORA primarily explores the impact of concurrent
row switching on varying memory sizes through post-layout
analysis. It is achieved through a custom memory compiler written
in SKILL. The compiler automates arbitrarily sized memory
array generation, which are thoroughly analyzed for functionality,
performance, area, and power consumption. The array’s wired-
OR functionality aligns naturally with the Boolean-based inference
and is demonstrated for the Tsetlin Machine (TM) as a case
study. The proposed architecture offers two operation modes:
i) memory mode, for standard read/write operation; ii) wired-
OR/inference mode. AURORA achieves 10> x higher throughput
and energy efficiency than similar architectures. It is 89 times
faster, consumes 772X less energy per data point and provides
37.5x more TOPS/W than memristor-based TM implementations.
It also has similar latency but uses 22x less energy and offers
22.3x higher TOPS/W compared to digitally synthesized TM
implementations.

Index Terms—Machine learning, In-memory compute, 8T
SRAM, wired-OR, Tsetlin Machine.

I. INTRODUCTION

In-memory computing addresses the data transfer bottleneck
in traditional computing systems by performing parallel compu-
tations within the memory. These attributes increase throughput
and reduce energy consumption, making IMC ideal for ML
edge applications [1], [2]. Several IMC techniques have been
proposed in the literature based on different memory technolo-
gies such as non-volatile memories (NVM) and CMOS based
memories. However, most state-of-the-art IMC architectures
have been designed for multiply and accumulate operations, of-
ten in the analog domain. [3]-[8]. The main challenges include
noise susceptibility, requiring complex peripherals and circuit
calibration that limit scalability. This initiated a shift from MAC
based IMC architecture toward boolean-based designs [9], [10].

To date, only a few works have explored IMC architec-
tures for Boolean operations [11]-[21]. Some of these uti-
lize memristors (resistive RAM) [11]-[13]; however, mem-

ristors introduce complexities in circuits and manufacturing
process overlooking the natural suitability of CMOS technol-
ogy. The CMOS-based IMC architectures—mainly built on
SRAM—can efficiently support Boolean operations using wired
logic schemes [17]-[21]. These architectures are limited to
schematic only, employing specialized sense amplifiers (SA)
[17]-[19] and segregated bitlines (differential bitlines BL/BLB
for standard reads and read bitlines (RBL) for logic compute),
requiring specialized addressing strategies [21]. Therefore, the
impact of wired operations involving concurrent row switch-
ing on long metal wires (bitlines) needs to be investigated.
Moreover, efficient placement and routing of memory elements
in memory array layouts are crucial and can be facilitated by
memory compilers. These compilers, offered by semiconductor
foundries, companies like Synopsys, or open-source options
like OpenRAM, generate hard macro memory arrays [22].
While open-source compilers allow porting to different PDKs,
they complicate custom IMC array processes and limit design
exploration for trade-offs in concurrent row operations.

This work proposes AURORA, an automated 8T SRAM
wired-OR logic array for boolean ML. The IMC array is based
on conventional 8- transistor SRAM (8T SRAM), capable of
performing Boolean operations across concurrent rows while
retaining standard memory functionality. Unlike existing 8T
SRAM-based IMC architectures for Boolean logic, the pro-
posed design eliminates the sense amplifier and incorporates a
logic gate to differentiate between the standard read operation
and wired-OR functionality on the same bitline. This research
primarily explores how varying memory sizes are impacted
by concurrent row switching through post-layout analysis. It
is achieved with the support of a custom memory compiler
that automates array generation. The compiler accepts user-
defined parameters—such as array dimensions for layout gen-
eration and simulation input in binary format for testbench
creation—enabling flexible and efficient design. The wired-OR
functionality of the array is evaluated as a case study using the
TM model on the MNIST dataset, demonstrating its scalability,
low latency, and favorable area and power characteristics. The
key contributions are as follows:

o An 8T SRAM design optimized for stability, compact area,
and large-scale wired-OR capability.

o A design exploration studying the impact of concurrent
row operations on different memory array sizes through
post-layout analyses.

e A design automation flow that accepts user parameters
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Fig. 1: (a) A TM inference architecture, and (b) AURORA 8T SRAM array architecture for bank size 32x32.

to generate DRC and LVS clean IMC array layout and
testbench for its validation through simulation.

o A demonstration of the IMC array, with TM workload as
a case study shows an order-of-magnitude improvement
in energy efficiency and throughput compared to CMOS
logic cell and memristor-based TM implementations.

The remainder of the paper is organized as follows. Section II
introduces the fundamental working principle and architecture
of TM. Section III presents the proposed AURORA IMC
array for Boolean-based ML, including evaluations of optimal
transistor sizing and bank configurations. Section IV outlines
the design automation flow for IMC array generation. Section
V details experimental results using the IMC array for TM
inference. Finally, Section VI concludes the paper.

II. BACKGROUND

The proposed IMC architecture targets inference workloads.
In this work, it is instantiated with a Tsetlin machine inference
that does not require additional circuits or modifications. For
completeness, a brief overview of the TM inference process is
provided.

A. Tsetlin Machine

The TM recognize patterns from Boolean data, represented
using propositional logic. A Booleanization process is applied
before both training and inference. Typically thresholds are
applied on raw data to generate literals, which are Booleanized
features and their complements. A TM is composed of a
predefined number of clauses per class. All clauses are evenly
split into positive and negative polarities, contributing to either
supporting or opposing a class definition. TM training is centred
around Tsetlin Automata (TAs), each of which determines
whether a specific literal should be included in or excluded from
a clause. After training, each clause captures a pattern formed
by a conjunction (AND) of selected literals, corresponding to
a specific classification task.

Fig.1 (a) illustrates the architecture of a TM during inference.
Each partial clause responds based on the value of a specific

literal and the corresponding TA action: it outputs O only when
a literal with value O is included in the clause (i.e., literal = O
and TA = 1). For a given datapoint (sample), classification is
performed by summing all clause outputs using a popcount. In
binary classification, the final decision is made through majority
voting between the total outputs of positive and negative
clauses. For multi-class classification, each class is represented
by a separate TM, and the predicted class is determined by
selecting the TM with the highest popcount (argmax). The
remainder of the paper focus on the proposed IMC architecture
and TM inference is a workload to demonstrate functionality
and asses efficiency.

III. IN-MEMORY 8T SRAM ARCHITECTURE

The AURORA architecture is illustrated in Fig. 1 (b). As
mentioned in the introduction, this architecture enables mul-
ticast wired-OR functionality across the array and offers two
operational modes. The array can be addressed similarly to
state-of-the-art 6T SRAMs. During standard read operations,
the literal FIFO buffers are masked by custom logic cells. In
contrast, during wired operations, these buffers are used to
select operands or SRAM cells.

This section details the design of the 8T SRAM cell, em-
phasizing optimal transistor sizing for enhanced stability and
reduced transient time. It also covers wired-OR and custom
logic cells that differentiate between normal memory and
inference reads, as well as the effects of simultaneous switching
on concurrent rows.

A. 8T SRAM Cell

The 8T SRAM is structurally similar to the standard 6T
SRAM with two additional transistors (Fig.2 (a)). The 8T
SRAM features distinct bit lines and word lines to select a
cell during a write and read operation. The write operation is
identical to that of the 6T SRAM. The write word line (WWL)
selects the cell and the write bit lines (WBL/WBLB) write a
‘0’ or ‘1’ into the cell. During read operation, the read bit line
(RBL) is precharged to VDD and read word line (RWL) selects
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Fig. 2: (a) An 8T SRAM schematic, (b) write Bit line (WBL) variation during write for different transistor widths, (c) Read/Hold

static noise margin and Write noise margin for 8T SRAM.

the cell from which the stored bit is read. The read circuit in
the 6T SRAM cell requires an op-amp, which compares the
voltage difference between BL and BLB. In contrast, the 8T
SRAM cell is read through RBL using a XNOR. This memory
architecture is constructed using TSMC 65nm CMOS mixed-
signal RF PDK.

B. Impact of W/L Ratio on 8T SRAM Cells

Cell stability is essential to ensure reliable read and write
operations. It is achieved by selecting appropriate widths and
lengths (W/L) of the transistors. This section examines the
impact of the transistor widths of the access transistor(wa),
pull-up transistor(wp), and pull-down transistor(wn) on the
write operation. The channel length is kept to its minimum
of 65nm. The widths of the transistors range from 120nm
to 240nm. This analysis focuses on writability and illustrates
WBL variations. For a successful writing process, the relation-
ship wp < wa < wn must hold. However, while writing a
0’ to previously stored logic ’1°, if the width(wn) exceeds
twice that of the access transistor width (i.e. wn > 2 % wa),
the bit line voltage rises to VDD, resulting in a write failure.
Similarly, if the pull-up width (wp) is larger than wn and wa,
the write operation will also fail. The appropriate transistor
widths with minimize voltage spikes occurs when all transistor
widths are set to minimum (wp = wa = wn = 120nm) Fig.2
(b). Similarly, the transistor widths of T7 and T8 were varied
from 120nm to 520nm to analyze their effects on the time
taken to discharge a charged RBL. The widths of the transistors
do not significantly impact the transient delay, and to minimize
area, both T7 and T8 were set to the smallest width of 120 nm.
Fig.2 (¢)

SRAMs may experience noise in bit lines, leading to bit
flips. The static noise margin (SNM) quantifies the maximum
DC noise a cell can tolerate without bit flipping during read and
hold operations. While write robustness is measured by write
noise margin (WNM). The isolated read path improves read
stability with a read and hold SNM of 0.411V, and a comparable
WNM of 0.44V (Fig.2 (c)) [23]. Unlike 6T SRAM, which are
susceptible to destructive reads without appropriate transistor
sizing, the 8T SRAMs provide stable reads due to their isolated

bit lines. This results in approximately 30% increased area per
cell.

C. 8T SRAM Wired-OR / Propositional Logic

The wired-OR functionality in the proposed architecture
operates in two modes: i) standard memory mode (RBL in-
verted) and ii) wired-OR mode (RBL not inverted). In wired-
OR mode, multiple rows are read simultaneously, behaving
like a NOR operation. It satisfies TM’s partial clause logic
without additional structural changes (Fig.1 (a)). The Tsetlin
automaton (TA) determines the ‘include (1)’ and ‘exclude (0)’
actions during training, which remain fixed during inference.
Each memory cell represents a partial clause, with boolean
literals controlling the RWLs. The output becomes ‘0’ only
when li = 0(li = 1) and TA = 1 (Fig.3).

As the 8T SRAM array supports both standard read and
wired-OR operations, and it is essential to distinguish between
these two modes. Custom logic cells are designed to differenti-
ate operating modes and provide the necessary control signals.
Two logic cells are appended to the memory array: one controls
the WWL and the other controls the RWL. The common inputs
to these logic cells are chip enable (EN), write enable (WE
= W/R), clock (CLK), and address (ADDR). Regardless of
the operating mode, read and write operations can only be
performed when EN = 1 and the clock signal is at a positive
level. The logic cell that controls WWL is a four-input AND
gate (EN&WE&CLK&ADDR).

The logic cell responsible for RWL has two additional inputs
that specify the mode of operation (MODE) and a literal input

RBL=0 RBL=1 RBL=1
*=precharged RBL

Fig. 3: TM partial clause cases in 8T SRAM cell



(ﬁ). For a normal read operation, MODE = 0, and RWL is
driven by ADDR to read the data stored in the addressed
memory cell. In this case, the output from the read bitline
(RBL) needs to be inverted. Conversely, for inference reads,
MODE = 1, and RWL is driven by /i, masking the ADDR.
The MODE and RBL are XNOR’ed this allows for inverted
RBL during standard read and not inverted for wired-OR.

RWL = CLK.EN.WE.(MODE.li + MODE.ADDR)
(1)

D. Impact of Column Size for Concurrent Readability

This section investigates the impact of concurrent row
switching on RBL during wired-OR read. Alternatively, as each
memory cell can perform a partial clause operation and each
column represents a clause. The conjunction of partial clauses
can be performed at once by activating all the RWL (I7) Fig.
1 (b). This arrangement causes RBL to discharge, even if a
single discharge path exists in the column. The discharge time
decides the inference speed.

The potential discharge paths in RBL is equal to the number
of rows and controls the discharge time. The discharge and
precharge times are affected by the parasitics. To analyze
the effect on discharge and precharge time, SRAM column
with different rows is simulated with a varying percentage
of cells/rows meeting the discharge condition TA=1, [i=0
(activated cell). This analysis highlights the limitations on the
row size when all RWLs are switched on simultaneously. Three
memory sizes of 32, 256 and 512 rows are simulated to observe
discharge and precharge times when 25%, 50% and 100% of
the cells meet the discharge condition. The RBL behaviour is
evaluated when activated cells are located in different positions
in the memory column (Fig.4 (a) & (b)).

Post-layout simulation is performed at the typical corner with
1.2V, 27°C, and a 5 ns read and precharge pulse. The discharge
and precharge times are proportional to the number of rows as it
increases the overall capacitance in the RBL. The observations
show decrease in discharge time with more activated cells for
the row sizes 32 and 256 (Fig. 4 (a)), but, is unlikely for
512 rows when completely activated. Simultaneous switching
and increased capacitance lead to slower discharge. As RBL
is a long metal wire and its resistance increases with length,
(R x L), affects the discharge time. Likewise, precharge time
(0 to VDD) of RBL should remain constant regardless of the
activated cells(Fig.4 (b)). as RBL is disconnected from ground
through RWLs. However, the precharge time tends to increase
when all 512 cells are activated.

The worst case occurs when only one cell in a column
meets the discharge condition. The discharge time is significant
and takes around 0.6 and 2.3 ns for 32 and 256 cell rows,
respectively. The discharge and precharge time for 512 rows
is significantly large and fails for clock frequency of 100MHz.
Depending on the constraint, row size of 256 is preferred for
functional correctness.

The power consumption slightly increases with row sizes,
but it is not significantly affected by the number of discharge
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Fig. 4: RBL (a) discharge time and (b) precharge time for 25%,
50%, and 100% of cells meet discharge condition in a column.

Percentage of Activated Cells

paths. The power consumption values for row sizes of 32, 256,
and 512 are 0.936 pW, 1.56 uW, and 2.13 uW, respectively.

E. PVT and Monte Carlo Analysis of Memory Banks

With the appropriate row size based on previous analysis,
bank sizes of 32x32 and 25632 are chosen. The worst-case
scenario occurs when only one discharge path is available at
the top of the banks. The memory banks are simulated for the
process (slow-slow (ss) and fast-fast (ff)), voltage (1V, 1.2V, and
1.4V), and temperature (27°C), Fig. 5. The discharge times for
both memory bank sizes indicate an expected outcome of ff
corner discharging slightly faster than the ss corner. The power
consumption values for both the ss and ff processes are nearly
identical, so an average is used to represent them. For the 32 x
32 bank size, the average power values are approximately 0.11
uW, 0.9 uW, and 6.4 pW. Similarly, for 256 x 32 the average
power values are 0.32uW, 1.64W and 8.7 W. The worst-case
delay occurs in the ss process. Further, through Monte Carlo
simulations, the memory banks are tested for device-to-device
mismatch and variations in the ss process.

Monte Carlo simulations for 32x32 banks at Vpp—AV (1V)
demonstrate a mean delay of 1 ns, with a standard deviation
and variability of +0.108 ns and +10.3%. For Vpp (1.2V), the
mean delay is 0.712 ns. Its standard deviation and variability
are £0.06 ns and +8.8%. In the case of Vpp + AV (1.4V), the
mean delay is 0.56 ns, with a standard deviation of +0.045 ns
and variability of +8%. These distributions exhibit a slight
positive skewness of approximately 0.2, 0.1, and 0.09, suggest-
ing that most delay values are below the mean. However, the
distributions remain nearly symmetric, indicating stable circuit
behaviour.

For the 256 x32 memory bank, the mean delay at Vpp — AV
is 4.2 ns, with a standard deviation of +0.45 ns and a variability
of £10%. For Vpp, the mean delay is 2.79 ns, with a standard
deviation of 4-0.27 ns and a variability of +9%. For Vpp+AV,
the mean delay is 2.16 ns, with a standard deviation of £0.19 ns
and a variability of +£8%. The skewness of these distributions
is close to zero, with values of -0.017, 0.08, and 0.02. This sug-
gests that the delay distributions are approximately symmetric
and are closer to an ideal Gaussian distribution, indicating no
bias toward unusual slow or fast transients. This consistency
points to stable timing behaviour under variations in process
and voltage.
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Fig. 5: Discharge delay and power under process and voltage variations are analyzed for memory banks of (a) 32x32 and (b)
256x32. For each fixed supply voltage in both cases, the ratio of the mean discharge delay to its standard deviation remains
consistent. Similarly, under each fixed process variation corner, the discharge delay exhibits a comparable trend as the supply
voltage increases. These results indicate that the impact of process and voltage variations remains generally consistent across

different bank sizes.

IV. AUTOMATED ARRAY GENERATION

Generating memory arrays is a complex process. It requires
careful execution to minimize area wastage, ensure efficient
placement and routing, and achieve Design Rule Check (DRC)
and Layout Versus Schematic (LVS) cleanliness. A custom
memory compiler is proposed to automate memory placement
and testbench creation based on user inputs for simulation using
Spectre, Fig.6. The memory array is organized into user-defined
memory banks, with customizable memory rows and columns.

The proposed architecture employs full-custom cells; there-
fore, custom standard cells were created. Initially, the nec-
essary schematics were designed using the Cadence Virtuoso
Schematic Editor and were analyzed for functionality, perfor-
mance, and variations based on parameters, e.g. transistor size.
The main objective is to achieve the correct functionality with
reduced latency, power consumption, and area. After schematic
simulations and considering design rules, layout cells were
created and validated through LVS checks and simulations.

( User parameters )
layouts

¥

testbench memory
generator compiler
Stimuli layout

P
| SPICE |<i| Clibre
SPECTRE X

Fig. 6: Automation flow

The SKILL programming language was then used to build the
memory array, perform power planning and necessary routing,
allowing customization according to user-defined requirements.
Additionally, the memory compiler can generate decoder circuit
using dynamic logic for the memory array. Depending on the
type of integration (digital or analog on top), bare memory or
memory with the decoder can be generated.

Using Siemens Calibre tool, parasitic netlist in SPICE was
extracted from the compiled memory layout for post-layout
simulation. Furthermore, the simulation environment in SPICE
is generated by integrating Python in the front-end. It requires
the memory size, memory states, addressing inputs, operation
mode, and the duration of the read pulse as user inputs in binary
format. The generated testbench defines the stimuli to simulate
the circuit. For fast simulation without decoders, the memory
cells can be simulated using nodeset conditions. The results
are then analyzed to verify the impact of parasitic effects and
overall circuit functionality.

V. 8T SRAM IMPLEMENTATIONS AND COMPARATIVE
EVALUATIONS

The previous sections show the array design, automation
process, and its analysis for functionality and stability. This
section compares the proposed work with existing similar 8T
SRAM IMC and TM architectures. The comparison with TM
architectures is performed for MNIST dataset (as a case study)
as shown in Table I. The TM MNIST model includes 10 classes
and 1,568 literals. For training the TM model on this dataset,
100 clauses were assigned per class and requires memory array
dimension of 1,568 x1,000. With this constraint, TM achieves
an accuracy of 96% and can be further enhanced by tuning the
number of clauses and TM hyperparameters as in [24].
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Due to tool constraints, lengthy simulation times, and re-
quirement of a large memory database, the memory banks were
consolidated to accommodate all 1,568 literals for a single class
(1568 x100). Fig. 7 shows the layout of one 32x32 memory
bank. While this requires 49 banks, a 256x32 configuration
needs only seven and four arranged horizontally. As both give
similar results, only the 256x32 results are shown in Table 1.

The proposed architecture is compared against two baselines:
a digitally synthesized CMOS TM using the same 65nm
CMOS standard cell library [25], and a memristor-based analog
IMC architecture [13]. All three implementations use the same
TM model for MNIST, with 100 clauses per class. It is
important to note that AURORA and [13] does not include
pop count and argmax. In CMOS TM, the TAs are stored in
the flip-flops, and the basic gates achieve the partial clause.
Due to the logic reduction from the synthesis tool, the average
number of transistors required to perform a partial clause is 7.
The 8T SRAM cell reduces area by 81% per stored TA and
partial clausing compared to CMOS TM with an area of 3um?.

The inference times for the CMOS TM and memristor
array are 3ns and 35ns, respectively, while the proposed 8T
SRAM architecture has an inference time of about 4ns. It is
30% larger than the CMOS TM and provides a 90% latency
reduction compared to IMBUE. AURORA shows significant
energy efficiency, with reductions of 22.22x and 772X in
energy consumption per data point, achieving 22.3x and 37.5x
TOPS/W compared to CMOS TM and IMBUE, respectively.
The 8T SRAM and CMOS TM have similar inference times,
but the 8T SRAM uses less power for storing TA, with wired-
OR speed comparable to combinational logic.

In a memristor-based TM architecture, the clause’s output
current is proportional to the sum of the currents flowing
through the column, which increases with dataset size. The
condition (TA=1, 1i=0) corresponds to the low resistance state
TABLE I: Comparison of AURORA with other TM inference
architecture.

Area per | Latency | TOPS/W Energy per
TA + PC Datapoint (nJ)
CMOS T™ [25] | 35T + 7T 3ns 387.3 0.4
IMBUE [13] ITIR 35ns 230 13.9
This work* 8T 4ns 8638 0.018

TABLE II: Parametric comparisons of AURORA with other 8T
arrays.

AURORA 8T [7] 8T [8] 8T [19] 6T [18]
Bank size 25632 16x8 128%x8 128x128 512x512
(N)AND,
AND, (N)OR,
(t:gf;:) TI\;?;’C MAC | MAC OR, X(N)OR,
XOR NOT,
Row CPY
Throu- 3413 0.29 240
ghput TOPS GOPS | GOPS B B
TOPS/W 2917 5.07 48.08 0.04 769.3
Stage Post layout | Post Si | Post Si | Schematic | Schematic

(LRS) of the memristor leading to larger current flow. The
current flow increases proportionally to the number of includes,
increasing the circuit’s power. Therefore, power is significantly
influenced by both the dataset size and the number of in-
clusions. In contrast, the power in the proposed in-memory
architecture is not influenced by the number of includes (cells
that meet the discharge condition, discussed previously), and its
impact on the dataset is less (energy increases due to an increase
in memory cells) than in a memristor-based architecture.

Similarly, in Table II, different 8T SRAM IMC implemen-
tations are compared. The operations performed in [7] and [8]
are current-based MAC for multi-layer perceptron and binary
multiplication similar to BNN. [19] performs logic operations
for BNN and [18] demonstrate logic operations in 6T SRAM.
The magnitude of the difference for throughput and energy is
of the order 10%. AURORA outperforms the other architectures
in throughput and energy efficiency.

VI. CONCLUSIONS

This paper presents AURORA, an automated 8T SRAM
wired-OR logic array. The limitations imposed by concurrent
row operations on the row size were simulated and discussed
in detail. Two bank configurations, 32x32 and 256x32, were
analyzed for their inference latency and power consumption.
Furthermore, PVT analysis revealed the best and worst corners
for latency and power metrics. Monte Carlo simulations demon-
strated the stability of the designed banks under the worst-
case conditions, with a skewness of 0.1 for 32x32 and almost
zero for 256x32. The experimental results with and without
decoder did not show significant differences. The memory
arrays were effectively generated using an internally developed
custom memory compiler. The area of a single cell is 3 x 3um?.

The concurrent row operation of the memory array was
validated using the MNIST dataset within the Boolean machine
learning model known as the Tsetlin Machine. In primary
comparisons with other TM, AURORA demonstrated the fastest
inference time with a greater TOPS/J ratio, indicating its high
suitability for Boolean inference acceleration. In secondary
comparisons with existing 8T SRAM architectures, it exhibited
improved energy efficiency alongside a larger memory size.
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