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Abstract—We present PROTEUS, an 18 mm2 programmable
general-purpose digital compute-in-memory (GP-DCIM) acceler-
ator integrating 4 Mb resistive random access memory (RRAM)
and 2.6 Mb tensor static random access memory (SRAM)
with a 32-bit hierarchical DCIM instruction set architecture
(ISA). PROTEUS features fine-grained 1-D matrix tiling and a
reconfigurable DCIM datapath/pipeline for near-100% memory
utilization, supporting INT8/INT16/FP8/FP16 DCIM computa-
tions. PROTEUS unifies SRAM/RRAM dataflows and embeds
nonvolatile micro-programs in RRAM to enable rapid switching
among prestored kernels without incurring off-chip instruc-
tion feeds or RRAM rewrites. Fabricated in 40 nm ultra-low
power (ULP) CMOS with foundry RRAM, PROTEUS delivers
702 GOPS throughput, 6.4 TOPS/W energy efficiency, and
0.039 TOPS/mm2 compute density. It is validated on ResNet-
20, BERT-Tiny, MobileViT, GraphSAGE, and Vision Mamba,
demonstrating versatility across CNN, Transformer, hybrid CNN-
Transformer, graph neural network (GNN), and state-space
model (SSM) workloads.

Index Terms—Digital compute-in-memory (GP-DCIM), hard-
ware accelerators, in-memory computing, instruction sets, neural
network hardware, nonvolatile memory, resistive RAM.

I. INTRODUCTION

COMPUTE-IN-MEMORY (CIM) has rapidly advanced as
a promising hardware fabric for edge AI by executing
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dominant tensor primitives inside memories, thereby reduc-
ing energy-hungry data movement. Across silicon CMOS
memories, static random access memory (SRAM)-based CIM
has evolved from early in-array dot-product and vector
primitives targeting CNN and DSP workloads [1], [2], [3],
[4], [5], to fully-digital and multitiled implementations that
push efficiency frontiers in advanced nodes [6], [7], [8]. In
parallel, recent SRAM-CIM designs further explore multi-
ple axes of circuit- and system-level innovations, including
analog/mixed-signal techniques for quantization-aware CIM
[9] and extreme energy efficiency [10], multiply-less approx-
imation reducing multiplication costs [11], plasticity for
on-chip learning [12], floating-point (FP) and mixed-precision
numerical support [13], [14], [15], [16], and Transformer-
oriented kernels/dataflows with sparse/structured mappings
[13], [17]. Driven by the needs for higher density while
staying in silicon, eDRAM-based CIM macros [18], [19],
[20], [21], [22], [23] have exploited the density advantage
[22], multimode operations [19], [20], [21], and efficient
FP 3D-MAC utilizing the gain-cell structure [23]. Beyond
silicon charge-based memories, embedded nonvolatile memory
(eNVM) based CIM designs have been extensively explored.
For instance, resistive random access memory (RRAM)-CIM
macros and systems, some combined with near-SRAM [24]
or in-SRAM compute macros [25], [26], are demonstrated for
applications ranging from edge inference [25], [27], [28], [29]
and fine-tuning [26], to associative one-shot learning [30] and
event-driven tracking [24]. Meanwhile, advances in MRAM-
CIM [31], [32], [33], [34] and PCM-CIM [35] broaden
the landscape of back-end-of-line (BEOL) compatible CIM
primitives. Despite these impressive macro-level and domain-
specific system advances, many existing CIM designs are built
upon coarse-grained execution abstractions constrained by
rigid compute kernels and dataflows, with limited model map-
ping flexibility and numerical support. As a result, macro-level
or even system-level efficiency gains often do not translate
into application-level benefits, because real edge deployments
(e.g., autonomous agents, AR/VR, mobile GenAI) could
compose diverse AI model architectures with heterogeneous
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kernels and mixed precisions [36]. Recent near-memory/CIM
processors therefore introduce instruction set architecture
(ISA) support by coupling CIM fabrics with embedded
controllers (e.g., ARM/RISC-V/VLIW) and conventional or
lightly extended ISAs [37], [38], [39], [40], [41], [42], [43],
[44]. For example, [37] couples an ARM microcontroller to
in-RRAM/near-SRAM compute macros tailored to a specific
workload; Vecim [38] integrates CIM as a RISC-V vector
extension effective for register-file–style vector kernels but
not designed for general, fine-grained tensor placement and
operations; MINOTAUR [39] and the VLIW edge accelerator
in [41] rely on embedded CPU/VLIW control over near-
memory matrix units (e.g., systolic or digital MAC arrays)
under conventional 2-D matrix tiling and single data format;
the CIM processor in [43] and [44] supports both gen-
eral programming and DNNs via a custom RISC-V stack,
but largely alternates between CPU and CIM modes and
retains limited CIM utilization. Across these state-of-the-
art, processor-centric approaches, CIM resources are typically
managed at coarse, macro-level granularity with conventional
tiling, limited mixed-precision support, and no on-chip persis-
tent micro-programs for kernel reuse. This leaves a gap for
a fine-grained, CIM-native ISA that directly orchestrates data
placement, movement, and flexible in-array compute in digital
CIM (DCIM). This work addresses that gap between general-
purpose programmability and in-memory compute efficiency
and density by co-designing a programmable general-purpose
DCIM fabric with a hierarchical CIM-native ISA.

To ground the co-design of a CIM-native ISA and efficient
DCIM fabric, we revisit fundamental DCIM design challenges
from a memory-centric perspective, as illustrated in Fig. 1.
Viewed through this lens, existing DCIM and NVM-embedded
accelerators for edge AI typically exhibit three limitations:
1) 1-D row-wise DCIM logic operations that under-utilize
the inherently 2-D structure of memory arrays; 2) depen-
dence on a multilevel memory hierarchy that reintroduces
data movement and undermines the CIM objective; and
3) capacity- and role-limited eNVM that under-utilizes non-
volatility and limits the potential for multi-chip scaling of
persistent models. These architectural challenges make it
even harder to co-design a dedicated CIM-native ISA that
simultaneously delivers programmability and efficiency, so
current designs remain processor-centric, relying on embedded
cores with conventional [37], [41] or modestly extended ISAs
[38], [44].

Motivated by these interwoven memory- and ISA-level
challenges, we develop PROTEUS, a programmable general-
purpose DCIM (GP-DCIM) accelerator with heterogeneous
RRAM-SRAM macros and a hierarchical CIM-native ISA.
The key architectural and design features of PROTEUS
are summarized in Fig. 2. First, conventional 2-D matrix
tiling and mapping suffer from low array and PE utiliza-
tion and costly partial-sum handling [13], [24]. In contrast,
PROTEUS uses fine-grained 1-D matrix tiling enabled by
the low-level DCIM-ISA to achieve near-100% memory
utilization, eliminate partial sums, and provide flexible
mapping and CIM resource assignment (Section II). Sec-
ond, a hierarchical architecture together with the high-level

Fig. 1. Memory-centric view of architectural challenges in DCIM and
NVM-embedded accelerators, which informs the design goals of the
GP-DCIM fabric and CIM-native ISA in PROTEUS.

DCIM-ISA flattens the memory hierarchy by removing
reliance on large global buffers and a flat, complex dat-
apath [7], [17], [25], and enhances programmability by
coordinating local programmable datapaths inside PEs with
a global programmable inter-PE data bus (Section II). Third,
unlike nonvolatile MCUs where instruction fetch from RRAM
is a consequence of using RRAM as code memory [45],
PROTEUS leverages RRAM nonvolatility by embedding
DCIM micro-programs alongside weights, enabling function-
call-like reuse without repeated external instruction feeds;
these micro-programs are invoked locally by the PE controller,
reducing instruction cache accesses and off-chip communi-
cation. This extends eNVM in CIM from predominantly
weight storage to local kernel control. These mechanisms
collectively form a hierarchical DCIM-ISA spanning top-
level micro-program calls, PE-level RRAM/SRAM dataflow
scheduling, and low-level datapath control for fine-grained
MAC operations using 1-D matrix tiling (Section III). Finally,
to address the limitations of prior FP-DCIM architectures
[19], [28], including separated exponent–mantissa storage,
congested dataflow from concurrent input and weight injec-
tion, and padding-induced alignment overhead, PROTEUS
introduces an output-alignment FP-DCIM design that unifies
FP data storage and eliminates padding bits (Section IV). This
enables unidirectional, streamlined data injection and a unified
dataflow across FP and INT computations, improving both
efficiency and flexibility.
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Fig. 2. Key highlights of PROTEUS: 1) fine-grained 1-D matrix tiling for efficient DCIM mapping; 2) programmable, hierarchical DCIM architecture;
3) on-chip NVM-resident micro-programs with a hierarchical DCIM-ISA; and 4) output-alignment FP DCIM for efficient FP computation.

Fig. 3. PROTEUS chip-top architecture integrating ten programmable
GP-DCIM PEs, functional units, an SPI-based I/O interface, an instruction
buffer, and a top controller, all interconnected through a 128-bit instruction/
data bus.

II. PROTEUS ARCHITECTURE

A. Top Architecture

The top architecture of PROTEUS is illustrated in Fig. 3.
The fully programmable general-purpose DCIM accelerator
integrates ten GP-DCIM processing engines (PEs), dedicated
function units (FUs), an SPI-based I/O interface, a 12 KB

SRAM instruction buffer, and a global top controller. The top
controller performs global scheduling across all modules and
is responsible for instruction pre-decoding and distribution.
A 128-bit snoop-mode instruction/data bus interconnects all
subsystems, including the PEs, FUs, and memory interface,
to enable simultaneous data broadcast, snoop-based sharing,
and low-latency updates without external synchronization.
Instruction sequences are first loaded into the instruction
buffer, pre-decoded, and then dispatched by the top controller
to the instruction caches within each PE and FU. The FUs
complement the PEs by using their SIMD lanes to execute
nonlinear and reduction operations such as softmax, activa-
tions, and pooling, and they can directly stream intermediate
tensors to the global bus through the SRAM data buffer inside
each FU.

B. Programmable PE

Within PROTEUS, each PE forms a self-contained DCIM
computing node that integrates storage, compute logic, and
data-routing capabilities, as shown in Fig. 4. A PE contains
six 64-Kb RRAM macros and four 64-Kb tensor-SRAM
macros, managed by a local PE controller and bus controller.
The RRAM macros serve as dense, nonvolatile memory
banks that persistently store both model weights and DCIM
micro-programs, while the tensor-SRAM macros function
as computational memories, performing DCIM computations
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Fig. 4. Programmable GP-DCIM PE architecture with six 64-Kb RRAM
macros, four 64-Kb tensor-SRAM macros, programmable local network,
reconfigurable DCIM logic, instruction cache, bus controller, and top
controller.

and buffering input, output, and intermediate data. During
inference, no RRAM reprogramming is required. Instead,
supporting additional kernels consumes proportionally more
RRAM capacity for micro-programs, which represents an
inherent trade-off of using nonvolatility to enable rapid
switching among pre-stored micro-programs without relying
on off-chip instruction feeds. A programmable local com-
pute/store network interconnects these memories, enabling
high-speed, reconfigurable parallel data movement and coop-
erative computation among tensor-SRAM macros. This local
network supports fine-grained 1-D matrix tiling, maximizing
memory utilization and allowing flexible placement of tensor
partitions across DCIM macros and PEs.

To coordinate multiple memory sources and destinations,
each PE employs a reconfigurable DCIM data-stream orga-
nizer that dynamically schedules row-wise data movement
between RRAM and SRAM macros. The stream organizer
enables flexible injection of contiguous row segments into the
programmable DCIM logic without requiring tensor reshaping.

It supports two complementary DCIM operation modes: 1) a
static mode, where data are streamed from RRAM into SRAM
for stationary computation; and 2) a dynamic mode, where
SRAM-to-SRAM transfers enable nonstationary computation
such as attention, while supporting multiple data formats
including INT8, INT16, FP8, and FP16. It is implemented as a
lightweight control and data-path module that organizes input
data, coordinates format-dependent injection, and ensures cor-
rect row-wise, bit-serial data delivery to the DCIM macros.
By coordinating memory access and dataflow scheduling,
it enables seamless switching between static and dynamic
DCIM operations without additional buffering overhead. The
programmable DCIM logic, composed of sign-aware flexible-
format adders, exponent-processing and shifting modules,
and a multimode accumulator, supports flexible tensor sizes
and both row-wise and tensor-wise partial-sum accumulation.
Computation results can be written back to any address
within the local SRAM macros or directly to remote SRAM
locations in other PEs via the interconnect bus. Each PE
includes a 1-KB instruction cache for PE execution pro-
gram and local micro-program invocation. By combining
fine-grained dataflow control with a unified programmable
DCIM fabric, each PE efficiently executes diverse workloads
from convolution filters to attention kernels without external
intervention.

The PE granularity needs to simultaneously consider three
factors: 1) the persistent weight/micro-program capacity per
PE; 2) the available tensor-SRAM resources for static RRAM-
to-SRAM and dynamic SRAM-to-SRAM DCIM kernels; and
3) the pressure on the global interconnect when a layer is
partitioned across multiple PEs. In PROTEUS, with 400-Kb
RRAM bank and 256-Kb tensor-SRAM bank per PE, macro-
level capacity tradeoff is coarsely quantized, as our custom
RRAM macro design offers about four times higher density
than our custom tensor-SRAM. The nearest area-feasible alter-
natives would either reduce SRAM below what’s efficient
for SRAM-to-SRAM kernels and all buffering, or signifi-
cantly reduce per-PE RRAM weight capacity and increase
partitioning/communication overhead on the 128-bit bus. The
hierarchical organization of PROTEUS incorporates local
computing autonomy into each PE with global coordination
over the 128-bit interconnect bus. This architecture minimizes
long-distance data movement, enhances locality, and enables
concurrent execution across all PEs and the FUs.

III. HIERARCHICAL DCIM-ISA

The 32-bit DCIM-ISA defines a hierarchical, memory-
centric programming interface for fine-grained control
of both data movement and computation in PROTEUS.
Unlike conventional accelerators with centralized control, the
DCIM-ISA in PROTEUS embeds programmability directly
into each PE and FU, enabling local execution and data
reuse with minimal coordination overhead. Low-level instruc-
tions are grouped into micro-programs stored in RRAM
and invoked through high-level calls, eliminating off-chip
instruction streaming and allowing persistent, in-place kernel
control.
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Fig. 5. 32-bit DCIM-ISA with seven instruction types (LD/ST, IBLKMOV,
EBLKMOV, TensorMAC, FuncOp, WBK, and MPLD) enabling hierarchical
programmability and flexible dataflows in PROTEUS.

A. Instruction Set Architecture

There are seven major categories of instructions in the
DCIM-ISA, as captured in Fig. 5: 1 memory load/Store
(RRAM LD, SRAM LD/ST) moves complete data chunks
between local memories and the interconnect, supporting
both RRAM-to-SRAM and SRAM-to-SRAM transfers for
initializing operands or writing results; 2) intraengine block
move (IBLKMOV) enables selective data relocation within
a single PE, allowing subtensor copying or rearrangement
across different SRAM rows to support 1-D tiling and dynamic
weight reuse; 3) interengine block move (EBLKMOV) per-
forms data exchange among PEs via the global 128-bit bus,
supporting both broadcast and peer-to-peer transfers without
host intervention; 4) tensor multiply-accumulate (TensorMAC)
executes tensor-level MAC operations on either RRAM-to-
SRAM or SRAM-to-SRAM paths. Two consecutive 32-bit
words are merged into a single 64-bit compute instruction,
specifying source/destination PEs, vector length, data format
(INT8/INT16/FP8/FP16), and kernel size. The AccFlag bits
further control partial-sum accumulation across rows or vec-
tors; 5) function-unit operation (FuncOp) triggers nonlinear
and reduction operations in the FU (e.g., softmax, pool-
ing, normalization, activation, and element-wise arithmetic)
through parameterized vector length, softmax/pooling size,
and target SRAM address; 6) SRAM write-back (WBK)
writes computation results from local DCIM logic or FU
outputs back to target SRAM addresses within the same
PE or to global SRAM locations in other PEs through the
interconnect; and 7) micro-program load (MPLD) directly
reads and executes micro-programs stored in RRAM, enabling
programmable sequence definition and rapid switching among
pre-stored kernels without explicit instruction fetching or
reloading.

Fig. 6. (a) DCIM-ISA execution and dataflow with reconfigurable stream
organizer and programmable logic coordinating RRAM/SRAM transfers,
exponent alignment, and accumulation for multiformat DCIM opera-
tions both within and across PEs. (b) TensorMAC performs RRAM/
SRAM-to-SRAM tensor MACs with arbitrary vector length and mixed-
precision (FP8/FP16/INT8/INT16) support, while WBK writes back accumu-
lated results to target SRAM under AccFlag control.

B. Execution and Dataflow

Fig. 6 illustrates the DCIM-ISA execution and dataflow.
The reconfigurable stream organizer and programmable DCIM
logic coordinate RRAM/SRAM transfers, exponent alignment,
and accumulation for multiformat (FP8/FP16/INT8/INT16)
DCIM operations. TensorMAC executes mixed-precision vec-
tor MACs, while WBK writes back accumulated results
under AccFlag control, completing a unified in-place execu-
tion pipeline across PEs. Each instruction can be dispatched
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Fig. 7. (a) Custom RRAM macro schematic and layout based on foundry
1T1R cell arrays. (b) SRAM macro architecture using an 8 T unit cell with
in-cell multiplication and a unified structure that supports multimode memory
access and DCIM streaming modes.

by the top controller or invoked locally within a PE dur-
ing micro-program execution, achieving hierarchical control
between global scheduling and local autonomy. Through this
CIM-native ISA, PROTEUS unifies programmability and in-
memory compute efficiency, supporting diverse workloads
such as convolution, matrix multiplication, attention, and graph
aggregation within a single dataflow fabric.

IV. CIRCUIT IMPLEMENTATION

PROTEUS’s memory system integrates foundry 1T1R
RRAM arrays [46] with our custom peripheral circuits, and
8 T tensor-SRAM macros with in-cell multiplication and a
unified multimode architecture, as shown in Fig. 7. Each
RRAM macro serves as a dense, nonvolatile storage bank,
connected to peripheral write drivers, sense amplifiers, and
data-path multiplexers for programmable access. Together with
the tensor-SRAM banks, these arrays form a tightly coupled
hybrid memory fabric that supports both persistent weight
storage and dynamic computation. The tensor-SRAM design
enables seamless switching between conventional memory
access and DCIM streaming, allowing the same array to

Fig. 8. Programmable DCIM logic architecture including a bit-mask unit,
5-stage MFAT, and EPU for multiformat (INT8/INT16/FP8/FP16) operations.
Hierarchical row/vector accumulators controlled by AccFlag and newRowFlag
enable fine-grained programmable accumulation across tensor computations.

function as both data storage and a compute fabric, thereby
maximizing density, on-chip data locality, and reuse efficiency.

As shown in Fig. 8, each programmable DCIM engine
consists of a bit-mask unit, a five-stage multi-mode flex-
format adder tree (MFAT), and an exponent processing unit
(EPU) supporting INT8, INT16, FP8, and FP16 operations.
The MFAT performs hierarchical accumulation across bit,
row, and vector stages, while the EPU handles the output
exponent alignment and normalization. Together, they real-
ize the precision-adaptive, flex-format, output-alignment-based
DCIM architecture with a unidirectional streaming dataflow
(Fig. 2, Highlight 4). In conventional input-alignment designs,
weight pre-alignment and padding to accommodate alignment-
induced bit growth may require early mantissa truncation
or rounding prior to accumulation, potentially introducing
precision degradation beyond the intrinsic finite-precision
behavior of the target FP format. By performing exponent
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Fig. 9. GP-DCIM execution flow illustrating instruction decoding, memory
load, DCIM data injection, exponent processing, MFAT computation with
hierarchical accumulation, and SRAM WBK, with cycle-accurate timing of
RRAM read and SRAM read/DCIM operations.

alignment only once within the exponent-processing unit
before accumulation, the proposed output-alignment avoids
such additional truncation stages while preserving standard FP
numerical semantics. Fine-grained programmable accumula-
tion is achieved through hierarchical row/vector accumulators
governed by AccFlag and newRowFlag, enabling precision-
aware aggregation across tensor computations.

Based on the DCIM-ISA and the circuit implementations
discussed above, Fig. 9 illustrates a representative GP-DCIM
execution sequence, using the FP mode as an example
since it activates the most complete datapath. The opera-
tion starts with instruction decoding and memory loading,
followed by DCIM-organizer data injection, exponent align-
ment, and MFAT computation. In FP mode, both exponent
processing and mantissa accumulation are enabled within the
programmable DCIM logic, after which row-wise and vector-
wise partial-sum accumulations proceed in a pipelined manner.
The final results are written back through the WBK instruc-
tion. Two TensorMAC operations and their corresponding
WBKs are co-issued from the instruction cache with data-
dependency checking to hide decoding latency and maintain
full pipeline utilization. To complement the execution flow,
cycle-accurate timing of RRAM read and SRAM read/DCIM
operations is also shown in Fig. 9, highlighting their multicycle
behavior.

Fig. 10 illustrates PROTEUS’s custom bus and softmax
unit design. The snoop bus is logically organized as a 128-bit
interface; however, it is physically implemented using parallel
multilane broadcasting links, allowing multiple inter-PE trans-
fers to occur concurrently. This design significantly alleviates
communication contention without requiring a bus arbitrator,
making it well matched to the high-throughput DCIM PEs.
Meanwhile, the mixed-precision SIMD softmax unit further

Fig. 10. (a) 128-bit broadcasting snoop bus composed of address, data, and
instruction channels. The physically parallel multilane implementation enables
arbitration-free concurrent transfers from multiple sources, providing effective
bandwidth exceeding 128 bits per cycle. (b) Mixed-precision SIMD softmax
unit supporting INT8/INT16/FP8/FP16 while maintaining high parallelism.

improves system parallelism by processing a 32-element vec-
tor in a batch. Its two-iteration streaming scheme reduces the
need for large intermediate buffers, allowing more area to
be allocated to computation resources while maintaining high
throughput.

V. TRANSFORMER AND CNN MODEL DEPLOYMENT

The programmability and workload versatility of PROTEUS
are demonstrated through the mapping and execution of Trans-
former and CNN models across its ten GP-DCIM PEs. A
detailed mapping scheme for Transformer models is provided
in Fig. 11. The PEs are dynamically grouped to execute
projection and attention submodules. Q, K, V projections and
feed-forward (FFN) layers are performed through RRAM-to-
SRAM dataflow using fine-grained 1-D matrix tiling, while the
Q·KT and attention score computation are carried out through
SRAM-to-SRAM streaming across multiple PEs. The FU han-
dles nonlinear and reduction operations such as softmax and
normalization, directly streaming intermediate tensors to the
global interconnect for subsequent stages. The sample instruc-
tion sets illustrate how the hierarchical DCIM-ISA orchestrates
computation, enabling arbitrary attention sparsity and flexible
vector lengths. The evaluated Transformer workloads in this
work are encoder-style (BERT and MobileViT), where the K/V
tensors are computed once per layer and reused within that
layer.

Switching from Transformer to CNN workloads, as shown
in Fig. 12, the new model execution begins with the MPLD
instruction, which signals the PE controller to load and execute
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Fig. 11. Transformer model mapping on PROTEUS programmable GP-DCIM PEs. (a) Task allocation of projection and attention operations onto the
RRAM/SRAM dataflow with fine-grained 1-D matrix tiling and arbitrary attention sparsity. (b) On-chip dataflow within and across PEs and functional units
for end-to-end Transformer execution. (c) Example instruction sequences implementing Q, K, V projection, Q·KT, attention score, softmax, and FFN.

the convolution micro-program stored in RRAM. Convolution
kernels are then injected from RRAM into SRAM-resident
feature pixels at arbitrary locations and variable lengths, elim-
inating the redundancy of conventional unrolling. Although
the illustrated mapping emphasizes direct RRAM-to-SRAM
streaming enabled by 1-D matrix tiling, weights can also be
preloaded into tensor-SRAM through RRAM LD instructions
to enable weight-stationary execution when higher temporal
reuse is desired. Fine-grained ISA-controlled data injection
and the local stream organizer ensure precise kernel placement,
maximizing reuse and locality during both convolution and
pooling. The representative instruction sequence demonstrates
programmable coordination of MPLD, TensorMAC, WBK,
EBLKMOV, and FuncOp instructions for end-to-end CNN
execution including convolution, pooling, and fully connected
layers.

Fig. 13 illustrates PROTEUS’s custom compiler framework.
As shown in Fig. 13(a), the compiler converts a high-level AI
model description (layer graph, tensor shapes, and operator
types) into a full task directed acyclic graph (DAG), where
nodes represent per-layer/per-tile kernels and edges capture
both dataflow and execution dependencies. Based on the
target hardware resources (number of chips/PEs and per-PE
RRAM/SRAM capacity) and optimization objectives (maxi-
mize PE utilization and locality while minimizing latency),
the compiler performs an early deployment estimation to
determine feasible 1-D tiling granularity and to estimate
per-tile weight/activation footprints. It then conducts global

mapping optimization to jointly decide task-to-PE assign-
ment and logical scheduling under dependency constraints,
followed by memory allocation to generate RRAM/SRAM
data placement and row/column placement patterns. Finally,
an ISA/trace encoder emits executable hierarchical instruction
traces (e.g., TensorMAC, EBLKMOV, WBK, and FuncOp)
that directly control compute and data movement. Fig. 13(b)
provides a compiled example of one MobileViT transformer
layer mapped onto a multi-PE execution timeline. The visu-
alization highlights dynamic task scheduling across PEs, bus
data transfer activity (blue links), data dependencies (orange
links), and SRAM utilization as buffers (gray background),
demonstrating how the compiler orchestrates computation,
buffering, and inter-PE communication to sustain high resource
utilization.

With the flexibility of model deployment on PROTEUS,
we evaluate the efficiency and scalability of the proposed
GP-DCIM architecture against conventional baselines. As
shown in Fig. 14(a), fine-grained 1-D tiling improves PE
utilization and reduces latency by 4.5× compared with con-
ventional 2-D tiling on MobileViT-XXS. Fig. 14(b) shows
that storing micro-program instructions in on-chip RRAM
instead of DRAM reduces instruction-access energy and
latency, achieving a 1.4× EDP improvement on BERT-Tiny.
In addition, Fig. 14(c) demonstrates a 2.3× improvement
in memory utilization for convolution execution compared
with conventional unrolling. We then compare PROTEUS
with a conventional fixed-datapath DCIM baseline under
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Fig. 12. CNN model mapping onto PROTEUS programmable GP-DCIM
PEs. (a) Convolution execution flow, where the MPLD instruction signals the
controller to load the convolution micro-program from RRAM. Kernels are
injected from RRAM into input feature pixels in SRAM without unrolling,
enabled by fine-grained, ISA-controlled arbitrary-position and variable-length
data injection. (b) Sample instruction sequences implementing MPLD,
TensorMAC, WBK, EBLKMOV, and FuncOp for convolution, pooling, and
fully connected layers.

an iso-energy-delay-product (iso-EDP) constraint using the
BERT-Tiny workload. The baseline represents a flattened,
model-specific DCIM architecture with a fixed execution
datapath and predetermined dataflow, designed for a single
target model without programmability. In contrast, PROTEUS
employs a programmable hierarchical GP-DCIM architecture
supporting ISA-based control and workload-adaptive schedul-
ing. The operating point of both designs is aligned at iso-EDP
on BERT-Tiny to ensure a fair comparison of architectural
efficiency. The same configuration is then applied to the larger
BERT-Base model to evaluate scalability trends. As shown
in Fig. 14(d), PROTEUS achieves a 36.5× EDP improve-
ment over the fixed-datapath DCIM baseline, highlighting the
context-switching advantage enabled by programmability.

Fig. 13. PROTEUS’s custom compiler framework. (a) End-to-end compilation
flow that converts an AI model into executable DCIM instruction traces.
(b) Example mapping of a MobileViT transformer layer onto a multi-PE
execution timeline, showing dynamic scheduling, inter-PE data transfers, and
high resource utilization.

Finally, instruction-level profiling reveals the execu-
tion breakdown across representative workloads—ResNet-
20, BERT-Tiny, and MobileViT-XXS, as summarized in
Fig. 15. TensorMAC operations dominate across all mod-
els, followed by WBK and data-movement instructions.
The relatively larger WBK proportion in CNNs reflects the
repeated accumulation of intermediate activations, whereas the
reduced WBK ratio in Transformers indicates more efficient
in-place accumulation within the GP-DCIM array, achieving
higher utilization and throughput across heterogeneous AI
tasks.
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Fig. 14. Performance comparison between PROTEUS and conventional
baselines. (a) Improved PE utilization and reduced latency enabled by fine-
grained 1-D tiling compared with conventional 2-D tiling. (b) Energy–delay
product (EDP) reduction enabled by storing micro-program instructions in
on-chip RRAM instead of DRAM. (c) Memory utilization improvement
for convolution execution compared with conventional unrolling. (d) EDP
comparison between GP-DCIM and fixed-datapath DCIM designs across
BERT-Tiny and BERT-Base workloads.

Fig. 15. Instruction distribution for ResNet-20, BERT-Tiny, and MobileViT
execution on PROTEUS, showing TensorMAC dominance followed by WBK
and data movement instructions.

Fig. 16. PROTEUS die photo. The micrograph highlights ten programmable
GP-DCIM engines, functional units, and the 128-bit interconnect bus.

VI. MEASUREMENTS AND RESULTS

A. Test Setup and Chip Summary

The die photo (Fig. 16) and a summary of chip specs
(Table I) are provided. Within 10 programmable GP-DCIM
PEs in an 18 mm2 die in 40 nm, 2.6 Mb tensor SRAM and
4.0 Mb RRAM are integrated along with a 128-bit bus. The
chip operates across a clock frequency range of 50–275 MHz,

Fig. 17. PROTEUS multichip edge-AI processing system setup. The photo-
graph (a) shows the test-chip board and FPGA host board, while the schematic
and (b) illustrates multichip communication with FPGA through SPI and AXI
interfaces for data transfer and control.

TABLE I
SUMMARY OF PROTEUS CHIP SPECS

consumes 21–248 mW, and achieves a peak energy efficiency
of 2.8–6.4 TOPS/W with 8-bit workloads. Fig. 17 shows the
chip measurement setup, which employs an array of nine
PROTEUS chips interconnected for distributed computation in
a multichip system, coordinated by a Xilinx Zynq UltraScale+

MPSoC host board. Multichip communication with FPGA is
supported through SPI and AXI interfaces. SPI is chosen for
multichip prototyping and validation purpose, while the key
features of PROTEUS are compatible with high-bandwidth
chip-to-chip links and chiplet fabrics.
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Fig. 18. Measured frequency versus voltage operating conditions in the shmoo
plot. The frontier indicates the best performance/efficiency for PROTEUS.

Under the multichip configuration, model partitioning is
performed at the layer or subgraph level according to per-
chip RRAM and tensor-SRAM capacity. Each chip is statically
assigned a disjoint portion of the neural network, while fine-
grained 1-D tiling and PE grouping are applied locally within
each chip as described in Section V. Interchip communica-
tion occurs only at subgraph boundaries, where intermediate
feature maps are transferred through SPI and buffered locally
before execution resumes. The FPGA host orchestrates syn-
chronization and data movement across chips, while each
PROTEUS chip executes its assigned subgraph autonomously
using its hierarchical DCIM-ISA.

In PROTEUS, RRAM is written only during model deploy-
ment (including writing micro-programs) and is read-only
during inference, taking into account the reliability considera-
tions on retention, read disturb, and variability. Our operating
conditions align with the reliability targets demonstrated in
foundry RRAM characterizations to ensure high data retention,
with read disturb immunity under 200 mV read condition
[46], [47], [48]. The measured RRAM macro access latency is
10 ns with an energy of 0.2 pJ/bit, benefiting from low-voltage
sensing in our custom RRAM macro design. To mitigate
variability-induced errors, we use the standard write-verify
programming to ensure well-separated binary bit (SLC) distri-
butions in the RRAM micro-programs, which is more tolerant
than multibit-per-cell (MLC) programming [27]. Combining
SLC-RRAM for micro-programs and MLC-RRAM for model
weights could further enhance system capability.

B. Silicon Results With Versatile Edge AI Models

First, we test the chip operating conditions. As captured in
Fig. 18, the shmoo plot shows the operational range of voltage
and frequency, forming a Pareto frontier that demonstrates
reliable operations from 0.75 V at 50 MHz up to 1.2 V
at 275 MHz. Next, we conduct two sets of measurements
for accuracy verification of the multiply-accumulate (MAC)
results. With different models (Transformer, CNN) and dif-
ferent data format (INT, FP) as examples, the measured
MAC results during real on-chip inference runs (at 0.75 V,
100 MHz) are directly compared against the ground-truth
mathematical results from the bit-accurate software refer-
ence. As shown in Fig. 19(a), on-chip INT8 computations

Fig. 19. Integer/FP MAC accuracy verification with chip measurements
running (a) ResNet-20 with CIFAR-10 and (b) BERT with SST-2.

are validated running ResNet-20 model on the CIFAR-10
dataset. Similarly, computational correctness of FP8 is verified
with the BERT-Tiny model on the SST-2 dataset (senti-
ment classification task), as shown in Fig. 19(b). Since the
fully-digital output-alignment FP-DCIM uses a deterministic
EPU for output exponent alignment and normalization with
overflow/underflow checking, no extra approximation is intro-
duced beyond the inherent finite-precision behavior of the FP8
format.

With the established functional correctness, we then
show how to exploit the programmability and versatility of
PROTEUS for edge AI workloads with inherent hetero-
geneity. We perform real-time workload characterization on
PROTEUS using MobileViT-XXS as a testbed. MobileViT
is a lightweight, general-purpose vision Transformer model
for mobile devices that merges CNNs’ efficiency and induc-
tive biases with Transformer’s capability of capturing global
context [49]. The heterogeneous model requires multiple
layer types, including convolution kernels, mobile vision
Transformer blocks (MVB) with attention kernels, and classifi-
cation heads [Fig. 20(a)]. Running MobileViT-XXS testbed on
PROTEUS, the measurement captures a transient power profile
that visualizes the layer execution, kernel switching, and layer
transition from clock-on to clock-off, as shown in Fig. 20(b).
The measured power profile provides a breakdown across
feature extraction, MVB, and classification, with an average
power of 86.63 mW obtained, supporting low-power edge
deployment.

Owing to the programmable GP-DCIM architecture, hierar-
chical DCIM-ISA, and persistent micro-programs in RRAM,
PROTEUS supports versatile edge AI models beyond CNNs
and Transformers. We conduct extensive measurements across
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TABLE II
MEASURED INFERENCE RESULTS ACROSS MODELS AND PRECISIONS

Fig. 20. (a) Mobile-ViT model architecture and its hardware mapping.
(b) Measured transient power profile during MobileViT execution.

diverse models covering different model families. At the work-
load level, measured results in terms of inference accuracy,
latency, and energy efficiency of PROTEUS are reported in
Table II. Here, the end-to-end latency is defined and measured
at the system level from the host issuing an inference request to
receiving the final output, and thus includes the SPI overhead
as well as FPGA-assisted processing and control between layer
executions.

The workload energy efficiency is computed from the
integrated energy at the PROTEUS chip supply rails and
therefore includes compute, on-chip data movement, and
I/O drivers during both compute and noncompute phases.
Importantly, because both model weights and DCIM micro-
programs reside in on-chip RRAM (partitioned across chips

when the model exceeds a single die), PROTEUS does
not fetch weights from external DRAM during continuous
inference; therefore, the remaining off-chip traffic is mainly
input/output activations rather than weight re-loading, unlike
designs that focus on explicitly mitigating external-weight
traffic [50], [51]. Since weight transfers typically dominate
external memory access (EMA) in such systems, the remaining
activation-related access becomes a secondary factor and is
highly dependent on system-level assumptions. Hence, con-
sistent with the EMA evaluation methodology in [52], we
exclude the secondary activation-related EMA from system-
level metrics. The workload-level energy efficiency is diluted
as expected due to the SPI, multichip, and idle overheads,
while the underlying GP-DCIM utilization is still kept high
owing to the developed 1-D matrix tiling. The demonstration
spans diverse models, including ResNet-20, BERT-Tiny [53],
MobileViT-XXS [49], GraphSAGE [54], and Vision Mamba
[55]. These representative models cover a wide spectrum
of model families, from CNN, Transformer, hybrid CNN-
Transformer, to graph neural network (GNN) and state-space
model (SSM).

C. Comparison With Prior Works

We first extract the measured energy efficiency and compute
density of PROTEUS and provide a breakdown for power
and area. The measured results shown in Fig. 21 highlight
the tradeoff between energy efficiency and compute density
across Pareto front, revealing a peak energy efficiency of
6.4 TOPS/W and compute density of 0.039 TOPS/mm2. Power
and area breakdowns show that computation dominates total
power while memory macros occupy the largest share of chip
area. In the measured breakdown, digital logic accounts for
88.3% of total power, followed by RRAM+SRAM at 8.9%,
as shown in Fig. 22. The area breakdown captured in Fig. 23
shows the memory-centric nature of the design. Within each
GP-DCIM PE, SRAM macros (47.8%) and RRAM macros
(23.7%) dominate, followed by reconfigurable DCIM logic
(14.3%). At the chip level, 10 PEs occupy 65.7% of area.
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TABLE III
COMPARISON WITH STATE-OF-THE-ART PROGRAMMABLE IN-MEMORY AND NEAR-MEMORY ACCELERATORS

Fig. 21. Measured energy efficiency and compute density across Pareto front.

Fig. 22. (a) Measured and (b) simulated power breakdown of PROTEUS.

Fig. 23. Area breakdown of (a) single PE and (b) full chip.

We benchmark PROTEUS against state-of-the-art near-
memory and CIM accelerators with ISAs [37], [38], [39],

[41], [44], with key features and chip metrics summarized in
Table III. PROTEUS combines a 32-bit hierarchical DCIM-
ISA, RRAM-based unified storage for micro-programs and
weights, and a programmable DCIM datapath/pipeline with
efficient INT8/INT16/FP8/FP16 support (widest data-format
coverage among compared designs), enabling high mem-
ory utilization and flexible mapping of versatile edge AI
models. Consequently, PROTEUS achieves among the high-
est energy efficiency (6.4 TOPS/W) and compute density
(0.039 TOPS/mm2), while offering 11× higher peak through-
put than [44]. Compared to analog CIM [37], DCIM [38],
and near-memory design [41], PROTEUS improves energy
efficiency by 5.3×, 22.8×, and 7.6×, respectively. One
limitation of PROTEUS is the modest eNVM capacity on
die compared to [39], [41]. However, the combination of
a GP-DCIM architecture, RRAM-based nonvolatile libraries
of DCIM micro-programs and weights on each die, and a
high-speed multichip fabric demonstrates an architectural path
where adding chiplets directly scales persistent model capacity
and compute.

VII. CONCLUSION

PROTEUS integrates hierarchical programmability into a
unified CIM fabric while preserving DCIM’s precision, effi-
ciency, and compute density. With its DCIM-native ISA,
PROTEUS provides a fully programmable and adaptable dat-
apath supporting INT8, INT16, FP8, and FP16. Exploiting
the synergy of SRAM and RRAM, PROTEUS uses high-
density RRAM for persistent storage of model weights and
micro-programs, enabling on-demand inference and rapid
backbone switching, while SRAM supports efficient dynamic
computations. Fabricated in 40 nm ultra-low power (ULP)
CMOS with foundry RRAM, PROTEUS achieves 702 GOPS
peak throughput, 6.4 TOPS/W peak energy efficiency and
0.039 TOPS/mm2 compute density. PROTEUS is validated
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on CNN, Transformer, hybrid CNN–Transformer, GNN, and
SSM architectures with representative models such as ResNet-
20, BERT-Tiny, MobileViT, GraphSAGE, and Vision Mamba,
demonstrating its versatility for edge AI applications.
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