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Abstract—Compute-in-Memory (CIM) is an emerging paradigm that
addresses the limitations of the memory bottleneck in conventional
computing architectures by enabling computation within memory struc-
tures. Unlike traditional ASIC design flows, CIM requires novel design
automation methodologies spanning device, circuit, architecture, and
system levels. This work provides an overview of recent advances in CIM,
with emphasis on developments in device technologies, circuit design
methodologies, synthesis techniques, and formal verification frameworks.
This work describes recent advancements in CIM using three memory
technologies: Static Random-Access Memory (SRAM), Dynamic Random-
Access Memory (DRAM), and Resistive Random-Access Memory (RRAM).
In this paper, we highlight the similarities in CIM at the higher level of ab-
straction, especially in synthesis and verification, and call for technology-
independent automated flows. We believe that a technology-independent
framework can help the transferability of synthesis and verification
techniques across different technologies. This will lead to the identification
of common open challenges and will promote standardization and provide
a common basis for evaluating and developing methodologies across
different technological platforms.

Index Terms—Compute-in-Memory (CIM), Static Random-Access Mem-
ory (SRAM), Dynamic Random-Access Memory (DRAM), Resistive
Random-Access Memory (RRAM).

I. INTRODUCTION

The last few decades have seen tremendous growth in the per-
formance of processors, while memory performance has improved
at a much slower pace. As a result, the performance gap between
processors and memory has continued to widen over the years [1].
However, traditional von Neumann architectures separate processing
and storage of data. Hence, various techniques are used to mitigate
this performance gap between the processor and the memory [2],
[3]. Despite these techniques, the continuous growth of data-centric
applications such as machine learning has further exposed the lim-
itations of these traditional architectures, as the transfer of data
between two physically separated components dominates the latency
and energy consumption [4]. Compute-in-Memory (CIM) provides a
potential solution to this bottleneck by bringing computation closer
to, or directly into, where the data is stored [5]–[7]. It exploits
parallelism and physical characteristics of the memory arrays to
perform computations and improve throughput, latency, and energy.

CIM has been implemented across a broad range of technologies
like conventional memory technologies such as Static Random-Access
Memory (SRAM) [8] and Dynamic Random-Access Memory (DRAM)
[9], [10], and emerging non-volatile devices like Resistive Random-
Access Memory (RRAM) [11], [12]. SRAM is particularly attractive
for CIM due to its low-power operations, faster access time, and
compatibility with advanced CMOS technologies, as it is on the
same chip as the processor. SRAM-based CIM architectures have
demonstrated both digital and analog computations ranging from
Boolean functions to Multiply-and-Accumulate (MAC) operations [8].
The overview of SRAM-based CIM is shown in Figure 1 1 . DRAM
provides high density, large storage capacity, and high parallelism,

enabling computation either near the memory arrays or directly
within them, as shown in Figure 1 2 . These features make DRAM-
based CIM attractive for bulk data processing and memory-intensive
applications like machine learning [13]–[15].

Emerging technologies provide additional advantages for CIM
by enabling computation through the characteristics of the memory
devices themselves. In particular, RRAM has gained considerable
interest owing to its non-volatility, high density, and compatibility
with CMOS-based integration [12]. Analog RRAM CIM mainly ex-
ploits the programmable conductance states for highly parallel MAC
and Matrix-Vector Multiplication (MVM) operations [16], [17], while
digital RRAM CIM can execute Boolean functions directly within
the memory arrays [18]. Figure 1 3 shows the overview of RRAM-
based CIM. Logic styles such as Memristor-Aided Logic (MAGIC)
[19], Majority Logic [20], and FELIX [21] have demonstrated how
the resistance states of RRAM can represent logic values and enable
computation. Depending upon the application’s requirements, the best
technology can be identified and then used to perform CIM.

Realizing the full potential of CIM technologies requires not
only sufficient circuit and device structures, but also efficient design
automation and verification techniques that allow translation of high-
level specifications into correct device-level implementations. The
increasing complexity of CIM architectures has therefore shifted
research attention from manually optimized circuits toward automated
synthesis, mapping, scheduling, and verification methodologies. Fig-
ure 1 provides an overview of the discussed CIM technologies
and their synthesis and verification flows. At the compute and
memory levels, the three technologies show different characteristics
and trade-offs. SRAM-based CIM offers low-power operations, fast
access, and compatibility with advanced CMOS nodes, but suffers
from lower density and higher area overhead. DRAM-based CIM
provides high density, large storage capacity, and high parallelism.
This makes DRAM-based CIM effective for data-intensive appli-
cations like machine learning. RRAM-based CIM provides high
density and non-volatility and enables computation directly within
memory arrays. Both RRAM- and SRAM-based CIM can compute
arbitrary boolean functions and perform MAC and MVM operations
through Digital Compute-in-Memory (DCIM) and Analog Compute-
in-Memory (ACIM), respectively. The design automation step shows
the stages that takes a high-level specification to its corresponding
CIM implementation through synthesis, scheduling and design space
exploration. The verification step shows possible techniques to ver-
ify that a CIM implementation satisfies its functional requirements
through simulation and formal verification techniques. The sub-
techniques like fuzzing or Boolean Satisfiability (SAT)-based equiv-
alence checking are closer to the broader technique they represent.

The objective of this survey is also to identify common de-
sign automation and verification abstractions across different CIM
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Figure 1: Across the Layer Landscape of Compute-in Memory

technologies. Although SRAM, DRAM, and RRAM vary in their
device technologies and computational mechanisms, their higher-level
design flows share several similar stages. A high-level specification
is transformed into supported operations through synthesis, followed
by scheduling and optimization before the final implementation.
Similarly, verification aims to guarantee that the final implementation
preserves the intent of the original specification. While the different
CIM technologies vary at the device and computation levels, the
synthesis and verification flows are presented using common higher-
level abstractions. These sections of Figure 1 therefore aim to
illustrate the potential for a technology-independent design flow. We
therefore identify similarities and technology-specific differences in
synthesis and verification and discuss opportunities for technology-
independent automation frameworks.

In this work, we discuss the aspects of CIM from device tech-
nologies and circuit design to automated synthesis and verification
frameworks. We first discuss conventional SRAM-based and DRAM-
based CIM technologies with their associated synthesis techniques,
followed by emerging RRAM-based CIM and its synthesis and ver-
ification techniques. We also consider automation challenges arising
from synthesis, scheduling, and physical implementation, motivating
the need for efficient formal verification techniques. Finally, we
review existing formal verification methodologies and identify open
challenges for developing verification flows for future CIM systems.

II. SRAM-BASED CIM

SRAM is a well-suited candidate for CIM because its low-power
operation, fast access time, and compatibility with advanced technol-
ogy nodes [22] makes it superior to many existing CIM technologies.
SRAM-based CIM can perform in both digital also known as DCIM
and analog fashion which are known as ACIM. DCIM utilizes digital
signals and logic, which provides substantially better robustness
to process, voltage, and temperature variations than their ACIM
counterparts [8]. Additionally, DCIM simplifies its integration with
conventional digital systems compared to ACIM. Therefore, these

characteristics make SRAM an attractive choice for scalable CIM
architectures.

Prior works have investigated the circuit and architectural design
of SRAM-based CIM. These studies have proposed modified SRAM
bitcells [23], compute-enabled read ports [24], local multiplication
structures [25], bit-serial and bit-parallel datapaths [26], and different
organizations of memory and compute logic [27]. Therefore, in the
literature, it has been demonstrated that SRAM arrays can efficiently
support operations ranging from simple Boolean functions to full-
precision MAC operations. However, most of these architectures are
manually designed and optimized for a particular precision, array
organization, workload, or technology. As the number of possible
design choices grow, manually exploring SRAM designs, computa-
tion precision, multiplier topology, accumulation structure, peripheral
circuitry, and physical implementation becomes increasingly difficult.

This limitation has recently shifted from the design of individual
tailored SRAM-based CIM circuits toward the automated synthe-
sis of SRAM-based DCIM macros. Meaning, synthesis should be
distinguished from the large literature on CIM circuit design. The
objective is no longer merely to propose a new compute-capable
SRAM macro, but to automate the transformation of architectural
or performance requirements into a realizable CIM macro. The
emergence of such tools is relatively recent. One of the first major
efforts in this direction was AutoDCIM [28], which introduced a
template-based automated compiler for DCIM macros. AutoDCIM
takes user-defined architectural specifications and generates a cor-
responding DCIM implementation, including memory organization
and arithmetic structures, showing that SRAM-based CIM can be
produced in a compiler-like fashion rather than a fully manual
approach. However, its template-driven approach relies on predefined
architectural patterns, meaning that key design decisions are still left
to the user. Next, in [29], the authors proposed ARCTIC, which
extended the AutoDCIM approach by supporting a wider range of
numerical formats and configurable precisions, including floating-
point computation, and by generating the associated arithmetic and



memory structures. ARCTIC and AutoDCIM are very similar in the
synthesis and generation of DCIM, meaning both rely on template-
based approaches. However, ARCTIC integrates built-in self-test into
the CIM macro, treating CIM testability as part of the compilation
flow.

In [30], the authors take a different approach compared to previous
works, namely, SynDCIM, which performs performance-aware sub-
circuit synthesis by selecting from a library of arithmetic components
(e.g., adders and compressors) based on area, power, and timing
constraints, moving beyond fixed template-based designs. Building on
top of SynDCIM, in [31], the authors introduce SEGA-DCIM, which
proposes higher-level design-space exploration, automatically eval-
uating SRAM-CIM configurations to identify Pareto-optimal trade-
offs in area, power, delay, and throughput. Extending beyond archi-
tectural optimization, DAMIL-DCIM focuses on physical synthesis
[32]. DAMIL-DCIM uses dataflow-aware floorplanning and place-
ment techniques to preserve locality between memory and compute
and reduce interconnect overhead in SRAM-CIM macros. Finally,
OpenC2 provides an open-source end-to-end framework for gener-
ating and evaluating digital CIM designs, serving as a reproducible
infrastructure that integrates and supports different architectures and
compilation methodologies [33].

[34] introduces OpenACM, which extends SRAM-based CIM
synthesis by introducing approximate computing into the design
space, moving beyond traditional tools that focus only on exact
arithmetic and performance, power, and area optimization. It in-
corporates exact, approximate, and logarithmic multipliers. It treats
computational accuracy as an additional optimization dimension,
which is especially useful for machine-learning workloads where
slight accuracy loss can be tolerated for gains in energy or area
efficiency. In addition, OpenACM integrates automated SRAM-based
CIM generation, variation-aware characterization, and a full physical-
design flow, arithmetic design, approximation, and synthesis. Its
extension, OpenACMv2, further advances this approach by enabling
cross-layer optimization that jointly explores architectural choices,
approximate arithmetic, SRAM parameters, and device-level deci-
sions under accuracy constraints. Though the tool is claimed to be
open-source, it relies on a commercial VCS tool from Synopsys.

Despite the advances in automated synthesis and physical imple-
mentation, verification of SRAM-based CIM remains largely under-
explored. Existing approaches have mainly targeted testing and fault
detection rather than formally guaranteeing functional correctness of
the CIM implementation. For example, [29] incorporates built-in self-
tests into the CIM macro as part of the compilation flow and [35]
investigates test strategies for CIM 8T SRAM. While these works
are important for identifying manufacturing and circuit-level faults,
they do not address the problem of formally verifying that a synthe-
sized SRAM CIM macro implements the intended specification. As
automated synthesis flows expand the design space, simulation-based
validation becomes increasingly impractical, highlighting the need for
formal verification techniques that can provide correctness guarantees
for generated CIM implementations. However, formal verification of
SRAM-based CIM remains largely unexplored.

The challenges discussed are not unique to SRAM based CIM.
While other memory technologies introduce different circuit and
device features, they raise similar questions regarding automated
design and verification.

III. DRAM-BASED CIM

The limitations of SRAM density and area overhead have moti-
vated the exploration of alternative memory technologies for CIM.

Among these, DRAM [9], [10] is a well-suited memory technology
for CIM due to its high density, large storage capacity, and internal
structure, which enables many data elements to be accessed and
processed concurrently. These characteristics make DRAM suitable
for bulk data processing in memory-intensive applications such as
machine-learning inference [13], [36], including recurrent neural
networks [37], transformers and large language models [14], [15],
model inference [38], and sparse matrix-vector multiplication [39].

The DRAM-based architectures generally follow either Prcoess-
ing near DRAM (PnD) or Processing using DRAM (PuD). Both
approaches offer distinct trade-offs. PnD-based architectures place
dedicated processing units close to DRAM banks or arrays to reduce
data movement while supporting a wide range of arithmetic and
application-specific operations [14], [15], [40]–[42]. In contrast, PuD-
based architectures perform computation directly inside the memory
arrays by exploiting the behavior of DRAM cells and peripheral
circuitry to perform primitive operations such as data initialization,
copying, and bitwise logic operations directly within the memory
arrays [39], [43]–[49].

Several works focused on enabling primitive operations within
DRAM. RowClone [43] introduced bulk data initialization and copy-
ing as fundamental operations using consecutive row activations,
avoiding unnecessary data movement between DRAM and the pro-
cessor. Ambit [44] extended the DRAM computational capabilities.
Through simultaneous Triple-Row Activation (TRA) and by exploiting
the internal parallelism of DRAM, it enables bulk bitwise operations,
including majority, AND, and OR functions. Furthermore, Ambit
supports the NOT function using a Dual-Contact Cell (DCC), which
consists of a cell capacitor and two transistors connected to both sides
of a sense amplifier.

Despite the success of RowClone and Ambit in performing prim-
itive operations within DRAM, they require modifications in the
memory cell to support TRA and DCC. Several works have shown
that computational operations can be performed in Commercial Off-
The-Shelf (COTS) DRAM without modifying the memory chip.
ComputeDRAM [45] utilizes controlled command sequences with
reduced timing parameters to perform row copy, majority, AND,
and OR functions in COTS DDR3 chips. FracDRAM [46] extends
COTS DRAM computations by storing fractional values in the
DRAM cells and using them as inputs to perform majority operations
through simultaneous four-row activation. Recently, the work [50] has
introduced a functionally complete Boolean logic in COTS DDR4
chips, supporting NOT, NAND, NOR, AND, and OR operations.

As the complexity of target functions increases, manually con-
structing the required sequences of in-DRAM operations is chal-
lenging and error-prone. Therefore, automated synthesis approaches
have been introduced to translate high-level functions into executable
DRAM operation sequences [48], [51], [52]. SIMDRAM [48] intro-
duced a synthesis framework for implementing complex in-DRAM
operations. It starts with a desired Boolean or arithmetic function
and represents it using majority and NOT operations (i.e., Majority-
Inverter Graph (MIG)). The resulting representation is then optimized
to reduce the number of operations required for its implementa-
tion. Next, SIMDRAM assigns the operands to designated compute
rows and translates the optimized representation into a sequence
of Activate-Activate-Precharge / Activate-Precharge operations that
perform operations introduced in RowClone and Ambit. SIMDRAM
optimizes the operation sequence to reduce the number of DRAM-
row activations and stores the optimized sequence as a µProgram in
the main memory. During execution, a bbop instruction triggers the
memory controller to execute the corresponding µProgram and store



the result in DRAM.
CHOPPER [51] extends the DRAM-based Processing In Memory

(PIM) synthesis flow by focusing on high-level programmability.
While SIMDRAM synthesizes individual functions, CHOPPER trans-
lates high-level parallel programs into instructions for bit-serial PuD
architectures. It employs a bit-slicing compiler to automate memory
allocation and generate bit-sliced code for a DRAM subarray, which
is then translated into assembly instructions for the target architecture.
It also optimizes the generated instructions using operation schedul-
ing, value reuse, and instruction renaming to reduce data movement
in both DRAM intra-subarray and data spilling (i.e., data movement
outside the subarray due to insufficient subarray storage). CHOPPER
demonstrates that the generated code achieves average speedups of
1.20× and 1.26× over Ambit and SIMDRAM, respectively, when
data fit within DRAM subarrays, while the average speedup increases
to 12.61× and 9.81× when data spilling is applied.

Recently, PIMsynth [52] proposed a fully automated end-to-end
synthesis framework for bit-serial PIM architectures. While works
[48], [51] focus on DRAM-based PuD architectures, PIMsynth targets
both digital and analog PIM architectures. It starts with a Verilog de-
scription of the desired function and uses open-source logic synthesis
tools such as Yosys [53] and ABC [54] to map the function to bit-
serial operations. It also relies on LLVM [55] to perform instruction
scheduling and register allocation before generating optimized micro-
operation code. PIMsynth demonstrates that the generated micro-
operation code performs within 1.08× and 1.54× of hand-optimized
PIM implementations.

As the complexity of code generated by DRAM-based synthesis
approaches increases, ensuring its functional equivalence to the de-
sired function becomes crucial. Existing synthesis frameworks mainly
integrate validation and testing techniques rather than formal verifica-
tion. While validation and testing use simulation to identify incorrect
behavior, formal verification aims to establish functional correctness
for all possible inputs. For example, PIMsynth integrates the PIMeval
simulation framework [56] to validate the functional behavior of
its generated code. However, simulation generally provides limited
input coverage and therefore cannot guarantee complete functional
correctness.

Several works have investigated the formal verification of DRAM
controllers [57], [58]. For example, the work [58] proposed a
verification framework that automatically generates SystemVerilog
Assertions (SVA) from DRAM protocol descriptions to verify that
DRAM controllers satisfy the specific protocol requirements. How-
ever, these approaches focus on verifying controllers and protocols
rather than ensuring functional correctness of the code generated
by DRAM-based synthesis. Therefore, formally establishing the
functional equivalence between a desired function and its generated
in-DRAM code remains an open research problem.

IV. RRAM-BASED CIM

The architectural and computational characteristics of DRAM-
based CIM differ substantially when compared to resistive memory
technology. This motivates the exploration of RRAM as another
promising technology for CIM. RRAM-based devices show promis-
ing potential for CIM [11], [12] owing to its high density, and
CMOS compatibility. RRAM-based CIM can be broadly classified
into analog and digital approaches [16]–[18], [59]. In analog CIM,
the conductance of RRAM cells is used to perform highly parallel
MAC and MVM operations and is mostly limited to these. On the
other hand, digital RRAM CIM can perform operations for arbitrary
Boolean functions directly on the memory array. This makes digital

CIM useful for Electronic Design Automation (EDA) as any arbitrary
digital function can be mapped to RRAM crossbars. The development
of RRAM-based CIM has therefore progressed from device-level
demonstrations to automated synthesis, mapping, and verification.

At the device level, RRAM cells can be configured to High
Resistance State (HRS) and Low Resistance State (LRS) based on
the applied voltages. The states HRS and LRS can then be treated
as logic 0 and logic 1 respectively to perform Boolean operations.
Several design styles like MAGIC [19], Majority [20], and FELIX
[21] have been proposed for implementation of Boolean logic on
RRAM crossbars. While several theoretical and simulation-based
studies have shown the possibility of logic execution using these
states, practical implementation on fabricated arrays has also gained
interest [59]–[61]. Among these, one of the demonstrations [59]
validates logic computation of MAGIC gates using One-Transistor-
One-Resistor (1T1R) TaOx RRAM arrays. This work also demon-
strates that more than 85% of the total gate energy is consistently
consumed during the initialization phase, highlighting that the cost of
preparation of the cells can be as expensive as the actual computation.
More recently, a demonstration [62] on a CMOS-integrated TaOx-
based 1T1R RRAM computing fabric shows how intrinsic cycle-to-
cycle and device-to-device variability limit logic reliability in RRAM
based CIM architectures. However, the study also derives the device
specifications and requirements to achieve error-free stateful CIM
operations in the 1T1R RRAM arrays.

To synthesize a Boolean function for RRAM-based digital CIM,
the synthesis process must account for the physical organization of the
RRAM crossbar and its operational constraints. Thus, the synthesis
flow for RRAM CIM is divided into the synthesis and the scheduling
(also mapping) part. The synthesis step transforms the target arbitrary
Boolean function into a netlist of supported operations. For example,
MAGIC [19] supports NOT and NOR operations, so the target
function is represented as a sequence of NOR and NOT operations.
Note that, since NOR is a universal gate, any arbitrary Boolean
function can be represented using it. Some works like [63] also
explore other gates like multi-input OR-inverter graphs for mapping.
The main goal of the synthesis step is to reduce the size of the netlist
since each operation consumes time and energy. To address this, most
works apply traditional logic synthesis techniques like rewriting [64]
and resubstitution [65] from tools like ABC [54] and Mockturtle [66].
MASIM [67] uses the optimization sequence command resyn2 from
ABC [54] to reduce the size of the netlist, while other works such as
[20] modify the MIG optimization algorithm to reduce the operations
using multiple complemented inputs, which requires more clock
cycles and RRAM cells. Works like [68] also explore HDL-centric
synthesis and verification for RRAM crossbars.

Once the synthesis of the target function to supported operations
is done, the scheduling step determines the instruction sequence
of the operations to correctly map the function as instructions to
hardware. The majority of works [18], [20], [67], [69]–[71] in
this regard follow a Single Instruction Multiple Data (SIMD) setup
where the function computation happens in one row (or column)
and each column (or row) computes the same function in parallel.
This style of computing achieves a high throughput, but each of the
operations in the function must be executed in serial. The goal of
the scheduling step is to get an efficient schedule since different
instruction sequences (schedules) may have different performance
efficiency when they are implemented on hardware. The performance
efficiency in scheduling is measured in terms of the memory foot-
print of the proposed instruction sequence, i.e., minimization of the
number of cells required in the computation process. Works like



OptiSIMPLER [69] formulate this as a SAT problem and use an
Satisfiability Modulo Theory (SMT) solver to generate the optimal
instruction sequence. Since SMT does not scale well, this approach is
limited to smaller netlists. Scheduling algorithms in works like [20],
[70], [71] use heuristic-based approaches to support larger netlists.
[20] uses a priority-based algorithm that determines the highest-
priority ready operation to be executed based on the number of fan-
ins that can be removed after the operation. STAR [70] uses Strahler
number [72] to obtain an optimistic estimate of the memory footprint
required to accommodate the fan-ins and uses this estimate to guide
the scheduling of stateful logic operations toward improved memory
utilization. [71] partitions the larger netlist into several small netlists
and obtains their optimal schedules, which are then combined to get
the result for the larger netlist. These works focus on computing
with a single RRAM array. However, the use of multiple arrays
may be needed when the memory footprint exceeds the number of
available cells in the array. In these cases, the energy consuming
cross array copy instruction must be reduced while preparing the
instruction schedule. MASIM [67] addresses this through a priority-
based scheduling algorithm that uses the number of copy instruction
insertions before the current operation and the estimate of future copy
instruction insertions as metrics. Several works also target the Non-
SIMD setup. In this setup, operations in the netlist can be performed
in parallel. The main goal of the scheduling algorithms in this setup
is to reduce the latency for computing the target function on one input
pattern. Works like [73]–[75] propose algorithms for scheduling in
the Non-SIMD setup. SIMPLE [73] formulates the problem as an
optimization problem, while Yadav [74] and SAID [75] use heuristics
to map larger netlists into 2D RRAM crossbars.

During the synthesis and scheduling steps, the original design spec-
ification undergoes several transformations to be ultimately mapped
into the RRAM crossbar for CIM. The correctness of these trans-
formations need to be verified at the mapping and the circuit level.
One of the initial works [76] focused on generating correct mapping
for Very Long Instruction Word (VLIW) based on the ReVAMP
architecture and used the ABC [54] tool to guarantee correctness.
Later, several works [77]–[81] also focused solely on verification
using SAT- and Decision Diagram (DD)-based methodologies since
popular mapping frameworks like SIMPLER MAGIC [18] do not
guarantee correctness. One of the first works [77] showed the
correctness of mapped micro-operations for Majority-based designs.
Initially, clauses are generated from the golden reference MIG. The
authors propose a data structure called ReRam Sequence Graph
(ReSg) to generate clauses from the mapped micro-operations. These
two sets of clauses are then checked for equivalence using the Z3
Solver [82]. DD based verification with a similar goal was also ex-
plored in [78], which consumed significantly less time for verification
compared to the Z3-based method. VeriSIMPLER [80] proposed a
verification methodology for SIMPLER MAGIC mapping based on
clause generation from golden Verilog and the generated mapping.
The proposed method successfully identified a critical bug in the
SIMPLER MAGIC mapping methodology that addressed the cases
when the input and output were directly connected in the golden de-
sign. In [79] the authors proposed a multi-input NOR-based mapping
for the MAGIC design style and used a ac sat- based methodology
for verification. For the verification of automatically generated SPICE
netlists from tools like MEMSPICE [83], VeriSIM [81] proposed a
clause equivalence-based approach comparing clauses generated from
Piece-Wise Linear (PWL) voltage files against clauses generated from
the golden Verilog.

While RRAM-based CIM has been studied extensively for the

verification of design transformations and mappings, the formal veri-
fication of RRAM-based CIM controllers remains largely unexplored.
In contrast, controller verification has received attention in DRAM-
based CIM systems. Thus, developing formal verification techniques
for RRAM-based CIM controllers remains an open research problem.

V. CROSS TECHNOLOGY DESIGN AUTOMATION AND

VERIFICATION

The survey of SRAM-, DRAM-, and RRAM-based CIM technolo-
gies reveals that despite considerable differences at the device and
circuit level, the design automation flows exhibit commonality. In
all three technologies, a high-level specification must be transformed
into a set of operations that are supported by the target memory
technology. This transformation is then followed by scheduling or
mapping that determines how the operations are executed in the
memory. Design space exploration for optimization is then performed
according to technology-dependent objectives like area, power, de-
lay, throughput, data movement, or memory footprint. Thus, while
memory-level operations and objectives differ, synthesis, scheduling,
and optimization represent stages across CIM technologies.

A similar pattern can be observed in verification. The fundamental
verification problem is to guarantee that the generated CIM imple-
mentation preserves the functionality of the original CIM specifica-
tion. The CIM implementation varies across memory technologies.
SRAM approaches generate CIM macros, DRAM approaches gener-
ate microprograms or operation sequences, RRAM approaches gen-
erate mappings, micro-operations, or circuit-level implementations.
While existing methods show SAT, SMT, and DD-based approaches
for verification for some technologies, the different representations
make a unified approach for verification difficult. We therefore call
for a higher-level intermediate representation that can be generated
through synthesis methodologies of all memory technologies, making
a unified verification approach feasible.

These observations motivate a technology-independent design au-
tomation flow in which common abstractions and verification mech-
anisms are combined with memory technology-specific objectives.
Such a framework can accept a technology-independent functional
specification and perform technology-specific synthesis and schedul-
ing while maintaining a common verification interface. Developing
such abstractions with standard benchmarks and evaluation criteria
can enable reuse of design automation and verification technologies
across emerging CIM technologies.

VI. CONCLUSION AND FUTURE WORKS

CIM has evolved from device and circuit level demonstrations into
automated architectures encompassing DRAM, SRAM, and RRAM
technologies. Recent works has introduced automated synthesis,
mapping, and design space exploration techniques that enable more
scalable CIM implementations. However, our survey shows that these
approaches, despite targeting substantially different underlying tech-
nologies, address several common higher-level problems: transform-
ing a functional specification into supported operations, optimizing
their execution, mapping them to the target memory structure, and
verifying the correctness of the resulting implementation.

This cross-technology perspective calls for an opportunity to
move beyond technology-specific workflows toward technology-
independent, reusable methods. In particular, common intermediate
representations, interfaces between synthesis and technology-specific
objectives, and scalable verification approaches could enable design
automation to be transferred across different CIM technologies.



Future research directions should therefore investigate unified syn-
thesis and verification frameworks that preserve technology specific
constraints while providing common abstraction at the higher levels.
This would help develop more systematic and reusable design flows
for CIM systems.
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