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Abstract—Neuro-symbolic (NeSy) artificial intelligence (AI)
integrates neural learning with symbolic reasoning to enable
data-efficient, interpretable, and generalizable intelligence, mak-
ing it a promising paradigm for human-like cognition. However,
the heterogeneous and dynamic execution patterns of NeSy mod-
els pose fundamental challenges to conventional AI hardware,
which is typically optimized for dense matrix operations. This
article presents a fully programmable heterogeneous system-on-
chip (SoC) fabricated in 40-nm CMOS, specifically designed to
accelerate a wide range of NeSy workloads. The architecture
features: 1) integrated resistive RAM (RRAM) and static ran-
dom access memory (SRAM) neural-symbolic data paths; 2)
ultra-dense (4.80 Mb/mm2), energy-efficient (0.247 pJ/b) RRAM
macros with edge-triggered and prolonged sensing; 3) scheduler-
informed power management; and 4) programming support
for variable resolution, vector lengths, and batching. The SoC
supports multiple NeSy paradigms and achieves up to 10.8
TOPS/W energy efficiency and 6.47× power reduction across
reasoning benchmarks. This work demonstrates the first end-to-
end silicon system for generalizable and efficient NeSy inference.

Index Terms—Compute-near-memory (CNM), embedded non-
volatile memory (eNVM), neuro-symbolic (NeSy) artificial
intelligence (AI), resistive RAM (RRAM), system-on-chip (SoC).

I. INTRODUCTION

AS ARTIFICIAL intelligence (AI) systems increasingly
permeate real-world applications, there is growing

demand for models that are not only accurate and data-
efficient, but also interpretable, adaptable, and capable of
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Fig. 1. NeSy AI integrates neural learning and symbolic reasoning, enabling
enhanced cognitive intelligence.

robust reasoning. Neuro-symbolic (NeSy) AI represents a
promising paradigm that tightly integrates the statistical learn-
ing capability of neural networks with the structured reasoning
of symbolic systems [1], [2], [3], [4], [5], [6], [7], [8], [9], [10],
[11]. By fusing these components, NeSy AI mirrors human
cognitive processes: intuitive perception (system 1) and logical
reasoning (system 2), where the former can be modeled with
neural networks, and the latter with symbolic primitives (see
Fig. 1).

NeSy AI has demonstrated significant promise across a wide
range of cognitive applications, including complex question
answering, abstract reasoning, probabilistic inference, user-
intent prediction, and zero-shot concept acquisition [12], [13],
[14], [15], [16], [17], [18], [19], [20], [21], [22]. Compared
to traditional neural models, NeSy systems offer several key
advantages: improved interpretability, better generalization
under distribution shifts, enhanced robustness to partial knowl-
edge, and reduced data requirements. These characteristics
make NeSy models particularly attractive for safety-critical
and knowledge-rich domains such as agentic systems, robotics,
and healthcare.

However, the computational patterns of NeSy models intro-
duce challenges for hardware acceleration. First, their high
memory demands of neural weights and symbolic represen-
tations require integration of high-density, on-chip storage
memory. Second, the NeSy models consist of a diverse set
of compute operators, which span neural operations (e.g.,
convolutions and attention) and symbolic primitives (e.g., logic
operations, vector binding, and bundling) and are difficult to
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execute efficiently on current general matrix multiplication
(GEMM)-optimized architectures. Third, the dynamic and
irregular control flow of these workloads often results in poor
hardware utilization and sub-optimized power management.
These challenges of memory demands, kernel heterogeneity,
and dynamic data flow necessitate a fundamental rethinking
of hardware architecture to effectively support this emerging
class of cognitive workloads.

In this work, we present a 40-nm programmable het-
erogeneous system-on-chip (SoC) test chip integrated with
resistive RAM (RRAM) and static random access memory
(SRAM), designed to accelerate NeSy AI. The SoC fea-
tures: 1) compute-near-memory (CNM) datapaths based on
ultra-dense RRAM (4.80 Mb/mm2) and low-latency SRAM;
2) edge-triggered and prolonged sensing circuit that utilizes
>75% sensing budget for establishing RRAM read current,
achieving down-to 700-mV system operation with RRAM,
and ultralow 0.247-pJ/bit sensing energy; 3) heterogeneously
integrated symbolic and neural tiles on a network on chip
(NoC) supporting diverse operators including vector-symbolic
functions, logic functions, MACs, and activations; and 4)
a software-defined power management (SDPM) mechanism
guided by an off-chip scheduler and an on-chip microcontroller
to adaptively manage power across workloads. The system
achieves up to 10.8 TOPS/W energy efficiency and supports a
broad range of NeSy models, demonstrating generalizability,
flexibility, and efficiency across various NeSy paradigms.

This article, therefore, makes the following contributions.
1) A 40-nm programmable SoC that integrates RRAMs and

SRAMs for accelerating NeSy AI models.
2) High-density RRAM macros (4.80 Mb/mm2) with edge-

triggered prolonged sensing circuits that enable energy-
efficient inference (0.247 pJ/bit) and support for up to
5.625 MB of embedded non-volatile memory.

3) Heterogeneous compute support for both neural and
symbolic kernels via configurable vector-length compute
units and time-multiplexed symbolic processors.

4) SDPM that dynamically reconfigures resource usage
based on workload characteristics, reducing system-level
power consumption by up to 6.47×.

5) A unified very long instruction word (VLIW)-based
programming interface that supports variable resolution,
flexible batching, and diverse instruction types tailored
for NeSy execution.

This SoC prototype demonstrates scalable, reconfigurable
hardware support for a wide spectrum of NeSy models across
use cases such as reasoning, decision-making, and concept
acquisition. The proposed architecture bridges the gap between
emerging cognitive AI algorithms and the limitations of
today’s AI hardware, enabling a new class of efficient and
transparent cognitive systems.

II. NESY MODEL AND CHARACTERISTICS

In this section, we first categorize key NeSy models
that have been well established in existing literature and
analyze their computational patterns (see Section II-A) and
then identify system-level requirements for efficient hardware
acceleration (see Section II-C).

Fig. 2. NeSy model’s dynamic execution graph.

TABLE I
REPRESENTATIVE NESY WORKLOADS, THEIR APPLICATIONS,

AND ADVANTAGES COMPARED TO NEURO-ONLY MODELS

A. NeSy Model Categorization

NeSy AI synergistically combines the learning capabilities
of neural networks with the reasoning strengths of symbolic
AI, enabling data-efficient learning and transparent, logic-
driven decision-making. Compared to deep neural networks
(DNNs), NeSy models demonstrate superior performance
across a variety of cognitive tasks, including complex question
answering [13], [15], abstract deduction [17], [21], decision
making [23], [24], and logical reasoning [25], [26]. This makes
NeSy AI a promising and emerging paradigm for achieving
human-like fluid intelligence.

Neural and symbolic components can be integrated in
multiple ways. Based on the structure of this integration,
we categorize existing NeSy models into five representa-
tive paradigms, as illustrated in Fig. 2. Symbolic[Neuro]
enhances symbolic reasoning with statistical learning from
neural networks. Neuro|Symbolic refers to pipelined systems
where neural and symbolic modules operate in sequence on
complementary tasks. Neuro:Symbolic → Neuro incorporates
symbolic rules into neural networks to guide the reasoning pro-
cess. NeuroSymbolic maps symbolic rules into embeddings that
serve as soft constraints on neural networks. Neuro[Symbolic]
integrates symbolic reasoning as an internal subroutine within
the neural architecture. Our programmable SoC is designed to
flexibly support these paradigms through configurable resolu-
tion, vector lengths, and batching.

To analyze model diversity and corresponding hard-
ware implications, we select eight state-of-the-art tem-
plate NeSy models spanning the above paradigms (see
Table I). Neuro-vector-symbolic architecture (NVSA) on
spatial–temporal reasoning tasks [21], probabilistic abduc-
tion learning [learn-VRF (LVRF)] on probabilistic rea-
soning tasks [27], MIMONet on multi-input simultane-
ous processing tasks [28], probabilistic abduction and
execution (PrAE) on probabilistic abduction tasks [17],
logical neural network (LNN) on full theorem prover
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TABLE II
NESY MODEL CATEGORIES AND THEIR HETEROGENEOUS

NEURAL AND SYMBOLIC OPERATORS

tasks [29], logical tensor network (LTN) on querying and
reasoning tasks [30], neural logic machine (NLM) on rational
reasoning tasks [31], and shared control of assistive robot on
user-intent prediction tasks [32]. These NeSy models feature
a diverse range of neural and symbolic operations, such as
convolution, sequential tensor, first-order logic, vector circular
convolution, binding, bundling, and so on (see Table II).
Although we will provide results on these eight algorithms,
the SoC can support any NeSy algorithm that belongs to
these model classes. Compared to pure-neural models, these
NeSy models offer improved reasoning accuracy, interpretabil-
ity, robustness, and adaptability across cognitive applica-
tions. Interested readers could refer to their References for
details.

These NeSy models also span a rich set of operator types.
In addition to standard neural kernels (such as convolution,
fully connected layers, and attention), models such as NVSA
and LVRF utilize vector circular convolution; PrAE, shared
control, and MIMONet rely on vector binding and bundling;
LNN, LTN, and NLM employ first-order logic operations.
Our SoC is designed to flexibly support this diversity of
neural and symbolic operators through integrated neuro and
symbolic datapaths with a VLIW-based microcontroller, thus
demonstrating an exciting new hardware paradigm that can
natively support NeSy AI.

B. Symbolic Kernels

To address the diversity of symbolic kernels illustrated
in Table II and Section II-C, the symbolic tiles incorporate
specialized hardware acceleration. As detailed in Table III,
these symbolic operations can be broadly categorized into
bit-wise logic (typical of vector-symbolic architectures [17],
[21], [27], [28], [32], [33]) and integer arithmetic (typical
of first-order-logic algorithms [29], [30], [31]). Consequently,
the symbolic tile features configurable datapath modes, imple-
mented as NeSy MAC1, NeSy MAC2, and NeSy MAC3,
to efficiently accelerate both the bit-wise manipulations and
integer-based computations. Other specialized modules for
symbolic reasoning include randomization, distance com-
puting, and vector-folding registers. Further elaboration is
provided in Section IV.

Fig. 3. NeSy model requirements. Compared with neuro-only models, NeSy
models require high array density, high kernel heterogeneity, and dynamic
data flow.

Fig. 4. Top-level architectural view of the NeSy test chip, featuring ten neural
and two symbolic tiles for accelerating various NeSy workloads.

TABLE III
SAMPLING OF ACCELERATED SYMBOLIC KERNELS

C. Workload Characterization and Requirements

Compared with traditional neural networks, NeSy models
exhibit unique memory, compute, and control-flow char-
acteristics, making them difficult to support efficiently on
off-the-shelf hardware platforms [1]. Fig. 3 illustrates the
memory, operator, runtime, and hardware utilization charac-
teristics of NeSy models running on the RTX2080Ti hardware
system.

Requirement 1 (High Array Density): NeSy models often
rely on neural weights and large symbolic codebooks to rep-
resent concepts and object compositions. These components
demand substantial on-chip storage to avoid costly off-chip
memory access, particularly on the edge. To support such
workloads within constrained silicon area, the system needs
to integrate high-density memory arrays. This motivates the
inclusion of RRAM macros in our architecture, which can
offer 2.9× cell-level and 2.2× macro-level density compared
to SRAMs, and enables tight on-die integration of neuro and
symbolic data without compromising capacity. High-density
custom RRAM CNM macro will be described further in
Section V.

Requirement 2 (Kernel Heterogeneity): Unlike traditional
neural networks, NeSy models feature a diverse set of com-
putation kernels, from neural primitives (e.g., convolution and
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TABLE IV

HARDWARE INEFFICIENCY ANALYSIS. THE COMPUTE, MEMORY, AND
COMMUNICATION CHARACTERISTICS OF REPRESENTATIVE NEURAL

AND SYMBOLIC KERNELS ON THE CPU/GPU PLATFORM

activation) to symbolic primitives (e.g., circular convolution,
binding, bundling, and logic). These symbolic kernels are
typically inefficient on CPUs/GPUs, often becoming the sys-
tem bottleneck. For instance, symbolic components account
for 92.1%, 80.5%, and 34.2% of the total execution time
in NVSA, PrAE, and MIMONet, respectively, running on
an NVIDIA RTX 2080Ti GPU. Efficiently supporting this
heterogeneous operator set requires hardware architectures that
go beyond traditional GEMM-centric designs. Diverse kernel
support will be described further in Section IV.

Requirement 3 (Dynamic Data Flow):
NeSy model execution often involves dynamic and irreg-

ular data flows, making efficient scheduling and resource
utilization difficult. Symbolic reasoning is often dependent on
outputs from neural perception modules, resulting in sequential
execution patterns and hardware underutilization. Addition-
ally, data flow and operation types can vary across tasks
and reasoning steps. To address this, our system incorpo-
rates an adaptive workload-aware scheduler that is capable
of handling complex dependencies, orchestrating heteroge-
neous kernels, and interleaving operations across tasks to
improve parallelism and overall throughput. Table IV further
quantifies the reason for hardware inefficiency. We analyze
the compute and memory units behavior of representative
neuro and symbolic kernels, based on Nsight Systems and
Nsight Compute tools [34], [35]. The system inefficiencies
mainly come from ALU under-utilization (<10%), low cache
hit rate (L1 < 20% and L2 < 40%), and massive data
movement of symbolic operations, where dynamic random
access memory (DRAM) bandwidth utilization is around 90%.
Symbolic data transfer accounts for half of total latency, where
>80% is from host to GPU, while neural kernels exhibit high
utilization.

III. SOC ARCHITECTURE

This section presents the architecture of our heterogeneous
SoC designed for NeSy models. We begin with an overview
of the top-level system organization (see Section III-A),
followed by memory design tradeoffs between RRAM and
SRAM (see Section III-B). We then introduce our SDPM
strategy for dynamic workload-aware energy optimization (see
Section III-C).

A. SoC Top-Level Architecture

The proposed SoC features a programmable architecture
tailored for NeSy AI inference. As shown in Fig. 4, the

Fig. 5. Logical breakdown of the “per-tile” system and the VLIW address
mapping space of the µC.

TABLE V

SAMPLING OF VLIW INSTRUCTION SUB-FIELD

chip integrates ten 576-KB RRAM-based neural comput-
ing tiles and two SRAM-based symbolic computing tiles.
Microcontroller (µC) manages instruction dispatch, mem-
ory coordination, and power control across tiles. All neural
tiles are connected to a shared SRAM memory system via
the direct-transfer bus (DTB), and the chip supports VLIW
instructions for flexible execution. The modular design enables
heterogeneous compute operations to be performed in a tightly
coupled manner.

The symbolic tiles are designed to support a diverse set
of logic-based and vector-symbolic operations. These include
bitwise logical functions, binding and bundling, circular
convolution, and randomized vector generation via cellular
automaton (CA)-90 units. Each symbolic tile integrates multi-
ple compute datapaths and MAC engines, along with local
SRAM buffers. The symbolic tiles are also configured to
handle low-level control logic for multi-dataflow support and
pipeline scheduling, and the µC dispatches instructions for
symbolic execution based on operator graphs extracted from
software profiling.

Fig. 5 shows the logical breakdown of the per-tile system.
The neural tile readout datapath contains four channels, with
the option of performing SECDED ECC and matrix or vector
computation. Bypassing ECC allows 12.5% more embedded
nonvolatile memory (eNVM) on-chip storage, suitable for
noise-tolerant NeSy applications, such as [17], [21], and [28].
Special operations that require time-multiplexed processing
are mapped to the symbolic tiles. Interactions between tiles
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Fig. 6. Neural and symbolic operator execution analysis, demonstrating
opportunities for per-tile PD design.

utilize direct-mapped SRAM (DM SRAM) banks. Fig. 5 also
shows the µC address space, possessing six sub-fields and
forming a 128b instruction. Key instructions (such as loop
folding, data transfer, and RRAM readout) are summarized
in Table V along with the system delay cycle counts for
the event considering DTB hand-shaking, pipeline bubble
insertion, and RRAM multi-cycle-path (MCP) delays. Due
to the MCP nature, RRAM readout requires two destination
addresses to match the core computation bandwidth. The
synthesized register file is designed to be one-to-any read
and non-overlapping write. Shared SRAM banks and DTB
are designed following the same rationale to prevent write
conflicts.

B. Memory Design Choice

The design choice for RRAM and SRAM across the archi-
tecture is guided by two primary considerations: optimizing
memory capacity and balancing datapath latency.

Neural kernels inherently demand significant memory
capacity, making RRAM a suitable choice due to its superior
density. Post-layout analysis shows that RRAM achieves 2.9×
higher density at the cell level and 2.2× at the macro level
(256 Kb memory, with low-voltage and high-voltage write
peripherals) compared to SRAMs.

Symbolic kernels involve more complex datapaths and
diverse compute blocks, making SRAM a suitable choice
due to its low latency and synchronous access. The datapath
latency of SRAMs is typically less than half that of RRAMs.
The increased latency of RRAMs stems from two main
factors: 1) the RRAM macro operates as an MCP relative
to the core clock and 2) additional processing logic, such as
error correction and data re-mapping, is required at the post-
RRAM readout datapath. Given that symbolic building blocks
incorporate features like vector batching, randomization, time-
multiplexed bitwise logical operations, MAC units, and control
logic for multi-dataflow support, the overall system design
judiciously allocates SRAMs to symbolic tiles and RRAMs to
neural tiles. This ensures optimal performance for both types
of operations.

C. Software-Defined Power Management

Enabling SDPM is essential to efficiently accelerate a wide
range of NeSy workloads. Operational dependency analyses
are performed across representative workloads [21], [27], [28],
[29], [30], [31], [32], [36], revealing the dynamic operator
graphs on different NeSy paradigms. Fig. 6 shows an example

Fig. 7. Inter-/intra-function data dependency graph illustration of the SDPM
scheduler.

Fig. 8. Visualization of three SDPM configurations—RRAM macro-level PD,
RRAM bank-level (neural tile) PD, and symbolic core PD. Power management
is controlled by a 21-bit instruction.

of an execution trace from the NVSA model [21] based
on Nsight profiling results and provides quantitative com-
parisons between the hardware power-down (PD) break-even
requirement.

The SDPM scheduler is performed hierarchically, with
cProfile and torch.fx for identifying inter-function
and intra-function dependencies, respectively. The lack of
native support for flat intermediate representations in torch.fx
impedes the implementation of a non-hierarchical scheduler.
This limitation necessitates direct modification of the source
package, rendering the scheduler inapplicable across NeSy
models. The SDPM hierarchical scheduler wraps torch.fx
package with cProfile package, and the latter analyzes the
inter-function dependency in the algorithm and is package
(application) agnostic. Fig. 7 demonstrates the dependencies
at different levels in the SDPM scheduler. The complete
functional dependency graph is first shown with LNNs [29]
as the proxy at the top of the figure. This dependency graph
is generated with the cProfile and pstats packages. The house-
keeping functions are filtered out, forming the inter-functional
dependency graph. Within each function, the dependency
analysis is then performed with torch.fx, which traces the
lowest-level computational kernels. Fig. 7 visualizes the
inter-/intra-functional dependency output.

Visualization of the SDPM is shown in Fig. 8. SDPM is
achieved by the control field of the µC, where the opcode
specifies the bank-level or module-level PD and the immediate
field specifies the macro ID. Header/footer power switches
are employed locally, including the analog buffer/comparator,
resistive digita-to-analog conversion (RDAC) bias, analog
VDD (AVDD) power, and high-voltage (HVDD) power to
meet tight physical design pitch within the macro and allow
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Fig. 9. SDPM based on the operators and the compute capacity in cores.

fast shut-down/wake-up response. The off-chip SDPM sched-
uler first identifies special operators in a given time frame; if
existed, the symbolic core must stay awake (i.e., configuration
three is invalid) for these operations, such as convolution,
randomization, permutation, and so on. Otherwise, three
configurations are possible depending on the computational
capacity in neural and symbolic tiles. Fig. 9 illustrates the
operational principle of the tiny scheduler. First, the duration
of the scheduler time frame (i.e., Round) is selected to be
at least the break-even time [37] based on the post-place-
and-route (PR) simulation. In a given round, if there is
any special operator (see Fig. 9) node based on the intra-
functional analysis (see Fig. 7), the symbolic tiles will remain
active and two configurations are available for the neural
tiles (see Fig. 8), depending on the number of neural oper-
ations. Considering a round where a special operator does
not exist, and the number of neural operations is minimal
(threshold equals the symbolic tiles’ computational capacity),
the symbolic tiles will be responsible for full computations,
whereas the RRAM would be active for only storage pur-
poses. The example includes the NVSA workload, shown
in Fig. 6.

IV. SYMBOLIC TILE IMPLEMENTATION

This section presents the implementation details of the
symbolic tile, with its overall architecture (see Section IV-A),
core building blocks, and dataflows (see Section IV-B).

A. Overall Architecture of Symbolic Tile

NeSy workloads differ fundamentally from conventional
neural networks in that execution time is often dominated by
symbolic reasoning rather than dense matrix operations. As
characterized in Section II, NeSy models spend substantial
runtime on operators such as bitwise binding and bundling,
circular convolution, permutation, distance computation, and
first-order logic evaluation, kernels that are poorly matched
to GEMM-centric CPUs and GPUs. To efficiently accelerate
these components, the proposed SoC integrates dedicated
symbolic tiles that are specialized yet tightly coupled with
the neural computing fabric.

Symbolic kernels fall into two dominant computation
classes. VSAs rely primarily on binary and bitwise opera-
tions [33] (e.g., XOR-based binding, majority-based bundling,
permutation, and circular convolution [21]), typically over
low-bitwidth vectors. In contrast, logic-based symbolic mod-
els require integer arithmetic for first-order logic inference,
including identifier representation [31], weighted conjuctions
(∧) and disjuctions (∨) [29], and quantifiers (∀ and ∃) [29],
[30], [31]. A single homogeneous datapath is inefficient for
both: bitwise kernels waste energy and area on integer MACs,
while emulating integer logic with bitwise primitives incurs
high latency and control overhead. Accordingly, each symbolic
tile integrates both datapaths within a reconfigurable NeSy
MAC fabric, enabling efficient execution across the symbolic
kernels in Table III.

Symbolic reasoning is tightly interleaved with neural
perception, with symbolic kernels frequently consuming inter-
mediate neural outputs such as embeddings or activations.
This interdependence creates dynamic execution graphs (see
Fig. 2) with frequent neural-symbolic transitions. To minimize
data movement and synchronization overhead, the symbolic
tile is integrated with neural tiles through on-chip memories.
Each tile includes local SRAM banks for symbolic storage and
shares the DM SRAM buffers with neural tiles via the DTB,
enabling symbolic kernels to consume neural outputs without
off-chip accesses.

B. Building Blocks and Dataflows of Symbolic Tile
1) Adaptive Vector Length Support: The symbolic tile

incorporates several configurable building blocks to support
varying symbolic model demands. To accommodate a wide
range of vector lengths used in symbolic AI, ranging from
128 to 4096 bits, the tile supports adaptive vector configu-
rations via programmable registers. When implementing on
hardware, a large amount of fan-out is induced on control
signals that drive registers across these wide vectors, fold-
ing the long vectors not only make the system being able
to support wide range of vector length, but also reduce
the large fan-out datapath in digital circuit, which leads
to lower power and area as the hold-time fixing buffer
inserted by the PR tool is greatly reduced. We use a 12-bit
configuration shift register [see Fig. 10(c)], with 2-bit dis-
tance quantization, 3-bit binding count, 3-bit active register
count, and 4-bit fold count that represents 16 symbolic vector
folds.

2) Random Vector Generator Module: Central to the sym-
bolic processing pipeline is the CA-90 module, a cellular
automata-based random vector generator [see Fig. 10(b)].
Compared with traditional linear-feedback shift registers
(LFSRs), the CA-90 generator offers several advantages for
symbolic random vector generation. Its fully local update rule
where each bit is updated based on its immediate neighbors,
eliminating the need for global XOR feedback logic, resulting
in significantly reduced area and routing complexity. Post
PR analysis shows that CA-90 reduces memory footprint by
52.8% and latency by 38.1% compared to LFSRs. Addi-
tionally, CA-90 can generate pseudorandom numbers and
naturally work with the time-multiplexed bit-wise logic. It also
eliminates the risk of lock-up states (e.g., all-zero states) and
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Fig. 10. Symbolic tile implementation. (a) Overall architecture of the
symbolic tile. (b) Vector-symbolic randomization unit. (c) Adaptive vector
length support for various NeSy applications via configuration shift register.
(d) Adaptive NeSy MAC unit for supporting different NeSy dataflow.

yields higher statistical diversity in symbolic representations,
leading to a 24.3% accuracy gain in reasoning tasks.

3) Distance Compute Module: This module implements
distance evaluation and selection functions required by sym-
bolic reasoning workloads. It is composed of three tightly
integrated logic stages that collectively support similarity
computation, distance accumulation, and nearest-vector selec-
tion. First, a bitwise comparison uses XOR to compare two
folds and an adder tree to return the difference between the
number of 1’s and the number of 0’s, thus computing the
dot-product similarity. These partial distances are accumulated
across multiple vector folds using dedicated distance registers,
enabling flexible aggregation of intermediate results while
supporting independent read and write operations. A config-
urable data-selection path allows accumulated distance values
to be forwarded for subsequent scalar processing. Finally, a
comparison and selection stage identifies the closest matching
vector by evaluating the computed distance metrics, enabling
efficient nearest-neighbor determination within the symbolic
tile.

4) Symbolic Logic Module: This module implements key
vector-symbolic architecture operations, used to construct
distributed perceptual representations and perform symbolic
reasoning computations. VSAs are widely employed across
NeSy workloads and often dominate execution latency. For
example, VSA-centric symbolic operations account for 93.7%
and 80.5% of the total runtime in the LVRF [27] and PrAE
[17] workloads, respectively. The module comprises five logic
units: a binding unit (BIND), a multiplying unit (MULT),
a bundling unit (BND), a register file (BND RF), and a
sign unit (SGN). BIND connects to a local buffer storing
vectors and is used to execute the binding operations over
vectors. The superposition of bound vectors is implemented
in BND through element-wise addition (bundling). BIND and

Fig. 11. Symbolic tile execution pipeline and dataflow support. (a) Configured
as a systolic array for a neuro operator. (b) Configured for symbolic circular
convolution. (c) Configured for bit-wise logic operations.

BND utilize different data representations, with BIND using
binary and BND using integer formats. MULT manages the
conversion from binary to integer formats and also performs
element-wise scalar multiplication, an essential operation for
NeSy encoding. Integer folds outputted from BND can be
temporarily stored in BND RF for continuous superposition or
converted to binary through SGN for transfer over the global
vector-symbolic datapath.

5) NeSy MAC Module: This module provides reconfig-
urable support for a wide range of neural and symbolic
operations (see Table III). Because the SDPM scheduler may
offload workloads with low neural intensity to the symbolic
processor, the symbolic processor is designed to support
multiple execution dataflows, including systolic, streaming,
and pipelined modes. These dataflows enable efficient execu-
tion of neural MAC operations, specialized symbolic kernels,
and bitwise logic operations, respectively. Fig. 10(d) shows
the microarchitecture of the reconfigurable unit. Each unit
contains four registers: a stationary register (A), a passing
register (PASS), a streaming register (B), and a partial-sum
register (ACC). By selectively configuring data movement and
accumulation across these registers, the unit can be dynami-
cally reconfigured to realize different dataflows and efficiently
support diverse neural and symbolic operations.

6) Reconfigurable Operation Modes: Fig. 11 illustrates the
execution dataflows supported by the NeSy MAC. Before com-
putation, input vectors are loaded into the NeSy MAC, where
vector A (weights of GEMM) is passed into the stationary
register. Reconfigurability is achieved by selecting the source
of input vector B either from the “left in” link, enabling
GEMM-style execution, or from the passing register, enabling
circular-convolution-style execution. In the systolic dataflow
mode, the NeSy MAC operates analogously to a systolic
array for GEMM processing, with input vectors streamed
horizontally from left to right through the “left in” links while
vector A remains stationary. In the streaming dataflow mode,
the NeSy MAC executes vector-symbolic circular convolution,
a dominant symbolic operation in various NeSy workloads
(e.g., accounting for >80% runtime of symbolic operations
in NVSA [21]). In this mode, input vector B is streamed
vertically from top to bottom via the passing register, enabling
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TABLE VI

SAMPLING OF RRAM READOUT DESIGNS

Fig. 12. Illustration of the cycle-by-cycle streaming dataflow used to perform
vector-symbolic circular convolution.

temporal reuse of the streaming input across successive cycles.
This vertical streaming pattern efficiently realizes circular
convolution without redundant data movement. In both systolic
and streaming dataflow modes, partial results are accumulated
and reduced along the vertical dimension, allowing a unified
accumulation across neural and symbolic executions.

7) Streaming Dataflow Cycle-Level Analysis: Fig. 12
presents a cycle-by-cycle view of the streaming dataflow
supported by the NeSy MAC. To execute vector-symbolic
circular convolution between two input vectors A and B on
a 3 × 1 processing array, vector A is held in the stationary
registers while vector B is streamed across processing elements
through the passing registers. In each cycle, the streaming
input is temporarily buffered in the passing register before
being forwarded to the streaming register. In the subsequent
cycle, this value is propagated to the passing register of the
next processing element, enabling controlled temporal reuse
of the input across the array. During each cycle, the MAC
unit operates on data from the stationary and streaming reg-
isters and accumulates the result into the partial-sum register.
This process repeats across cycles until all partial results are
accumulated and the final outputs are produced [22].

V. RRAM MACRO IMPLEMENTATION

To support high on-chip array density in NeSy workloads
as described in Section II, a high-density CNM RRAM macro

is designed, along with custom sensing circuits that achieve
low readout per-bit energy, and an integrated register-transfer
level (RTL) wrapper performs state management for 5.625-MB
eNVM write and read events. This section first describes the
custom RRAM sensing readout circuit. Then, the RTL wrapper
and the mixed-signal and hierarchical integration process are
discussed.

A. RRAM Sensing

Table VI summarizes existing RRAM macro and SoC
sensing designs. The majority of recent RRAM macro designs
leverage current sensing (CS) due to the limited precharge
voltage range across the RRAM cell. This is because the
voltage across the RRAM is limited within 300 mV to prevent
potential data drift in the memory, which is also known as
the read disturbance. A resistive DAC biasing is chosen to
avoid routing analog signals across the test chip while retaining
test-time adjustability, along with a regulated-cascode current
mirror (CM). Edge-triggered (with respect to the core clocking
system) timing management is preferred for mixed-signal
timing closure. A custom digital timing management circuit
is designed for prolonged bit-line (BL) current establishment.

Fig. 13 shows the overall readout circuitry, including a cus-
tom digital timing management circuit, analog readout, and the
RTL signals for state management. The timing management
circuit provides an edge-triggered, tunable, and prolonged
timing window for BL current establishment. Fig. 14(a)
demonstrates that existing memory readout schemes can be
categorized into (1) fixed budget across readout pipelines [42]
or (2) nonedge-triggered with respect to the core clock [38].
Our previous generation test macro measurements [40], [41],
[42], [44] indicate that the foundry-sourced RRAM readout
current establishment dominates the readout timing budget.
However, the existing solution (1) unnecessarily allocated
timing to a fast-responding precharge and sense amplifier
(SA), thereby compressing the available timing budget for
memory current establishment. Furthermore, solution (2)’s
reliance on delay gates (DGs) for memory readout complicates
macro integration across different operating conditions. This
is because the analog delay of DGs does not scale with
frequency, and as such, it would be necessary to constrain
the path with different multi-cycle exceptions depending on
the frequency achievable at various corners, which is typically
an output rather than an input of the design flow.

The proposed readout design aims to address the above
limitations. Fig. 14(b) illustrates the functionality of the cus-
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Fig. 13. Mixed-signal RRAM readout circuit. (a) Custom digital edge-triggered and prolonged timing management. (b) Analog readout. (c) RTL signals for
read/write/PD state management. (d) Regulated-cascode CM and the thick-oxide muxes for set/reset/inhibition.

Fig. 14. (a) Existing timing management scheme for RRAM readout.
(b) Functional illustration of the custom digital timing management circuit.

tom digital timing management circuit. The custom digital
circuits enable edge-triggered sequence while maximizing
the timing budget for establishing the memory readout cur-
rent. The baseline mode utilizes >75% of the timing budget
for establishing the readout current. The high-performance
(HP) mode allows >85% for aged RRAM whose resistive
has drifted, potentially necessitating a longer-than-expected
BL establishing time. The edge-triggered nature of the
design provides better timing closures when integrating the
RTL-based design described in Section V-B. Post-layout
waveforms that illustrate the unbalanced timing requirements
between precharge and SA are further shown in Fig. 15(a) and
are explained in a later paragraph.

The analog read domain [see Fig. 13(b)] consists of a
regulated-cascode CM, clamping transistors, enabling transis-
tor, p-type CM, p-type SRAM-style SA, and an SR latch.
Regulated-cascode incorporates a series-sampler with source-
degenerated drain resistance [see Fig. 13(d)], providing a
low-noise current source with low silicon cost. The clamping
transistor clamps the bitline voltage to a low level, setting a
soft limit on the voltage across the memory during readout, as
described earlier in this section. Mirror-folded 9T buffer offers
a rail-to-rail clamping voltage range for test-time measurement
purposes. The SR latch holds the custom macro’s output in

Fig. 15. (a) Post-layout extracted top-level waveforms at 200-MHz,
0.9-V supply, typical corner, 27 ◦C, 3σ RRAM LRS/HRS. (b) RRAM macro
butterfly floorplan CAD snapshot.

a stable state during an SA reset, which ensures a reliable
read from the RTL logic, reducing the effort required during
integration.

The p-type precharger in the designed CS approach is to
remove any hysteresis of the previous sensing operation so that
each new sensing operation starts from the identical voltage
level. The CS readout design is also functional without a
precharger. With the precharger that precharges the Vp and
Vn to supply voltage (VDD), each sensing operation (after
the precharge step) will begin with the PMOS mirror pair
guaranteed to be turned off. This leads to a consistent transient
behavior during the development phase—when current is
allowed to flow into the memory cells and reference arm. In
the opposite case, where the precharger precharges Vp and
Vn to a state with the PMOS both on, there is a risk that the
design happens to be sensing a very-low-resistance memory
cell; then, transiently, a significant peak current before the
PMOS gate voltage settles can potentially occur since the
PMOS in the non-reference-side starts fully on. The SA is
a standard “strong-arm” structure.
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Fig. 16. Bank-level RTL wrapper CAD snapshot.

Fig. 15(a) demonstrates post-layout waveforms at top-level.
The simulation was performed under 3σ cell resistance vari-
ation based on previous prototype measurements [40], [41],
[42], [44]. As described, the VBL is clamped to small values
to prevent read disturbance. Less than 50-mV VBL drift is
achieved for a robust memory readout to detect 1-µA current
difference shown in Fig. 15(a). As illustrated in Fig. 14 and
its corresponding text, the transient response of the precharge
and sensing event occurs within 200 ps, thus motivating the
prolonged custom timing management circuit.

Fig. 15(b) demonstrates the butterfly floorplan of the custom
macro. The middle-circuit area contains a voltage DAC and
buffer for locally generating the clamping voltage, which is
needed for the CS preamplifier in Fig. 13(b). The custom
timing management circuit lies in the middle-circuit area as
well for balanced timing. The butterfly floorplan also indicates
the word-line (WL) drivers are shared across two 8-KB RRAM
macros. Column architecture of the WL driver adopted the
merged HV/low-voltage (LV) WL signaling scheme [42],
enabling one custom level-shifter per eight tight WL driver
layout pitch. HVT devices are used in the custom WL
driver, as the post-layout simulation indicates the standard
VT (SVT) counterpart took one-third of the leakage. This
does not affect system timing closure, as the post-decoder
is not at the critical readout timing path. RRAM write cir-
cuits required >3.3-V write voltages to set and reset the
memory. Initial filament formation in unformed RRAM neces-
sitates overdriving the write and I/O circuits to approximately
4 V. These circuits, isolation muxes, and IOs are designed
with thick oxide transistors with overdrive CAD layers and
sit mainly in the middle-left and middle-right areas, with
IO-related designs at the top and bottom PR boundary.

B. Practical Considerations: Design of the RTL Wrapper

1) Bank-Level RTL Wrapper: The mixed-signal macros are
tightly integrated with the RTL wrapper to expedite design
cycles, as each macro has more than 200 pins, making bank-
level design in custom impractical. The bank-level physical
design with RTL wrapper that wraps the custom macro
described in Section V is shown in Fig. 16. Most logical
operations associated with programming the RRAM are imple-
mented in RTL along with state machines, which include pre-
decoder, PD/read/write mode selection, address pre-decoding,
SL/BL voltage selection for setting/resetting/inhibiting the
RRAM cells, queuing the read/write requests, adjusting the
write pulse for robust write operation, and so on. These are
synthesized logics in the “flat logic” area in Fig. 16, along
with the µC and the ECC logic.

Fig. 17. Design verification flow of the designed test chip.

The addressing scheme from the RTL pre-decoder into a
single macro is separated into 5 bits for the BL multiplexer and
9 bits for 256 + 256 WLs. To characterize the write behavior
correctly over serial peripheral interface (SPI), write and read
queuing are implemented. To prevent multiple writes from
occurring during measurements, the write request is edge-
triggered. The macro-level RTL wrapper also implements a
“sandwich” write scheme for RRAM, where the BL and SL
of the macro are first activated, followed by WL activation.
The write pulse then runs, after which the WL is deactivated,
and finally, the BL/SL are deactivated. This is because the load
condition is more consistent for WL, while that of BL/SL is
highly dependent on the state of memory cells.

2) System-Level Integration and Verification: The verifica-
tion process during the integration phase of the custom macros
and RTL wrapper is illustrated in Fig. 17. First, boundary of
custom macros’ IOs have been digitized. A cycle-accurate RTL
model for the custom RRAM macro is developed after the
custom macro has been fully verified in the analog design
environment. The testbench for the cycle-accurate RTL model
includes more than seventy tasks covering faults such as PD
early/late arrival, invalid address, configuration changed during
read, read with write voltage is activated, and so on. The cycle-
accurate model is built iteratively with the RTL simulated.vcd
vector file. The RTL design in Fig. 13(c) is verified in the
analog mixed-signal (AMS) simulation environment with the
verified custom RRAM macro. The custom RRAM macro is
treated as a hard block in.lef generation, and more-than-200
pins are placed around the PR boundary. Integration is then
being performed with automated synthesis and PR flow. The
timing information for the custom RRAM macro is generated
with the Synopsys quick timing model (QTM) based on the
characterization from analog testbenches. Hierarchical design
flow is performed for the test chip at the top-level integration
with the Synopsys interface logic model (ILM), at the cost of
≈10% increase in total routing metal length in exchange for
20× CAD tool runtime speedup at top-level integration.

VI. MEASUREMENTS

The test chip is fabricated with TSMC’s 40-nm ultralow-
power (ULP) CMOS process with back-end-of-line (BEOL)
embedded RRAM. Fig. 18 summarizes the general information
of the test chip and the printed circuit board (PCB) design.

A. Test-Time Design and Setup

An automated testing framework is crucial for programming
a large number of on-chip RRAMs and SRAMs. In addition,
a single-shot write pulse often is not sufficient to set or reset
the filament within the RRAM. An additional API is highly
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Fig. 18. (a) Test chip snapshot and general information. (b) Evaluation board
design and components.

Fig. 19. Test-time firmware, scheduler, and execution flow.

desirable to support an automated iterative read–verify–write
process.

Fig. 19 first summarizes the firmware development with
C++, including I2C for power monitoring, APIs for RRAM
write operations, APIs for instruction memory and buffer
read/write support, and SPI for remaining board operations.
The power monitor INA236 reads the LVK12 sensing resistor
digitally and send back to the PC for human GUI readout.
The automated GUI readout can be bypassed when mea-
surement validation is needed with a lab supply. The testing
flow is controlled by a Raspberry Pi Pico integrated with
the above custom APIs. The Python-based off-chip scheduler
is incorporated within the instruction generator, providing
workload execution dependency analyses and full instruction
sequences, as described in Section III-C. The custom Python-
based instruction generator was part of the SoC verification
process illustrated in Section V-B2 before tape-out, serving
as the golden model for its RTL counterparts. The overhead
of compiling the instructions lies mainly in generating the
full dependency graph (see Fig. 7), while the instruction

Fig. 20. (a) End-to-end shmoo. (b) Neural tile power consumption across
different operating modes. (c) Neural tile performance. (d) RRAM readout
power. (e) Neural tile power breakdown.

generator backend takes marginal compilation latency. This
is because, unlike the conventional compiler, the used trace-
based approach requires real execution of an application.

B. Memory Cell and Power and Efficiency

The component-level marginal power breakdown is
achieved with the fine-grained control provided by µC. The
baseline power from µC can be established by running an
instruction sequence that does not perform any RRAM read.
Then, an instruction sequence with an activated RRAM access
field is measured. This eliminates the need for multiple
PENDCAP and PRCUT cells at the IO with numerous separate
power domains, as well as their core power rings. Conse-
quently, only five power rings exist at the chip level power
ring, including neural supply, symbolic supply, two RRAM
analog supplies, and global ground.

The test chip’s end-to-end (neural and symbolic tiles both
activated) shmoo in Fig. 20(a) shows the test chip per-
formance, demonstrating a 0.73-V lowest achievable VDD.
In contrast to prior works where the one-time-programming
(OTP) mode significantly expands the operating margin [45],
[46], the shmoo [see Fig. 20(a)] indicates the OTP mode
provides marginal improvement over the non-OTP mode. This
suggests that with the prolonged RRAM readout, the dominant
failure mechanism at low voltage is not the RRAM ON/OFF
current ratio (primary metric OTP improves), but rather the
timing constraints associated with the precharge and readout
circuitry. The existing RRAM macro and SoC at the identical
technology node [41], [42] reports a 0.8-V counterpart without
a prolonged RRAM sensing mechanism. The per-bit energy
consumed at this minimum VDD is 0.247 pJ/b, reported in
Fig. 20(d). The neural tile power across different operating
conditions is shown in Fig. 20(b). The peak power occurs when
the neural tiles continuously perform MM instruction every
clock cycle from RRAM and DM SRAM while the DTB-in/

out instruction is busy. With RRAM PD and all synthesized
logic being clock-gated, power reduces to 0.34 mW. 70-µW
leakage when the system is being powered-down with SRAM
banks in retention (measured, not shown). The distribution
of peak power shows that the RTL wrapper (PE and core)
consumes only 1.28× compared to that of the RRAM macros.
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TABLE VII

COMPARISON WITH STATE-OF-THE-ART MRAM, RRAM, AND HD ACCELERATORS

Fig. 21. (a) Comparison of RRAM macro density. (b) Pre-ECC and post-ECC
readout of the RRAM with API-supported automatic write-verify.

The neural tiles’ compute efficiency and density are shown in
Fig. 20(c). The numbers are obtained with the data stored
normally distributed and all the synthesized computational
logic activated, while performing MM every cycle with the
matrix datapath.

Fig. 21(a) demonstrates the tight integration of the presented
custom CNM RRAM macro, which improves storage density
compared to existing [39], [40], [41], [43], [58], [59], [60],
[61], [62], [63], [64], [65] RRAM-based CIM macro by 1.67×
at the same technology node. Fig. 21(b) shows the pre-ECC
and post-ECC error rate of 576-KB RRAM readout. The write
events are supported with the custom C++ API, allowing
the full-chip’s 5.625-MB RRAM write-verify event to be
completed around 70 s. In addition, the full-chip’s 5.625-MB
RRAM test-time write-verify process reports a 43-mW
power consumption through the INA236 VDD monitor.
A “V-shaped” curve is observed because the low (high) RDAC
code causes errors for the RRAM that is in LRS (HRS).
Zero error can be obtained at pre-ECC by calibrating the
4-bit RDAC [see Fig. 13(b)] code through the custom C-based
Pico firmware during test-time, and SECDED further reduces
the BER by ≈ 103 without RDAC calibrations. The flat region,
that is, zero pre-ECC error, of Fig. 21(b) is eventually limited,
where the “V-shaped” moves left (right) when increasing
(decreasing) the supply voltage.

Fig. 22. Measurements across eight representative NeSy workloads, illustrat-
ing SDPM benefits and the support for variable vector lengths.

Fig. 22 illustrates application-level results. NVSA, LVRF,
MIMONet, and PrAE utilize vector-based operators (e.g.,
circular convolution, binding, and bundling), thus operating
across both power configuration 1/2 and configuration 3. LNN,
LTN, and NLM incorporate logical operations and leverage
the NeSy compute units within symbolic tiles to execute both
neural and symbolic kernels. Owing to the dynamic dataflow
across NeSy workloads, on average, 6.47× power reduction
is achieved with the SDPM scheduler. With the folding mech-
anism at the SP, the power contribution of SP is less than
28% under 2048 vector dimensions and scales approximately
linearly with the vector dimensions. Application benchmarks
illustrate the importance of supporting variable vector length,
as the reasoning accuracy of different applications can saturate
at variable vector dimensionality. The test chip delivers a
10.8 TOPS/W peak efficiency across the above eight NeSy
workloads.
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VII. COMPARISON

Table VII shows the comparison table with existing
MRAM/RRAM neural accelerators [42], [47], [48], [49], [50],
[51], [52], [53], [54], [55] and hyperdimensional (HD) com-
puting accelerators [56], [57]. HD computing is considered
a subset of the NeSy algorithm that utilizes a MAC-based
encoder and bitwise logical operations for inference. Existing
works with accelerated symbolic kernels [49], [56], [57] fall
into HD operators [33], including binding, bundling, permu-
tation, and pseudo-randomization. This work incorporates a
broader set of symbolic operators, including circular convo-
lution, logical operations, and a true randomization kernel.
Regarding system architecture, Rossi et al. [49] proposed an
MRAM-based SoC where the HD unit serves as a wake-up
controller. However, the sequential design nature of the
“HD-then-neural” processing limits the potential for NeSy
algorithm acceleration. In terms of efficiency, Zhang et al.
[47] demonstrated an MRAM-based accelerator achieving
12.1 TOPS/W 8b energy efficiency. This high efficiency can
be partly attributed to the scaled technology node with lower
operating voltage and high weight sparsity, which enables
a wider optimal energy design space. Similarly, the 22-nm
RRAM-based accelerator by Hsu et al. [54] achieves up to
76.5 TOPS/W 8b energy efficiency, driven primarily by the
analog CIM and multi-bit RRAM approach, trading off noise
immunity for efficiency compared to digital baselines.

Despite the technology node difference, the described test
chip possesses the lowest per-bit NVM readout energy com-
pared to any of the referenced works. Furthermore, the test
chip achieves the lowest minimum supply voltage (Vmin)
compared to works in the identical 40-nm RRAM technology
node [46], [51], [52], [53], [55], and maintains a comparable
Vmin to designs in newer technology nodes [50], [54].

VIII. CONCLUSION

This article presents a fully programmable heterogeneous
SoC fabricated in 40-nm ULP CMOS with BEOL embed-
ded RRAM, specifically designed to accelerate a wide range
of NeSy workloads. The featured integrated RRAM/SRAM
datapath, SDPM, and time-multiplexed vector folding scheme
synergistically accelerate NeSy models that span a variety of
operator graphs.
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