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Abstract—Edge deployment of LLMs and neuro-symbolic Al
is increasingly constrained by the memory bottleneck and power
walls, demanding new co-designed hardware solutions for energy-
efficient, scalable inference and learning. We advocate treating
memory heterogeneity and ‘CMOS+X’ integration collectively
as a unified, first-class design principle for next-generation
cognitive AI hardware. This paper reviews our recent work on
heterogeneous compute-in-memory (CIM) fabrics: (i) CENTAUR,
a 40 nm floating-point RRAM-eDRAM fusion CIM chip; (ii) an
analog MLC eDRAM-RRAM CIM architecture co-designed with
zeroth-order fine-tuning; (iii) monolithic 3D co-design methodol-
ogy with emerging oxide-semiconductor transistors (OSFETs);
and (iv) 3D-CIMlet, an open-source modeling framework to
explore heterogeneous CIM chiplets with 2.5D/3D integration.

Index Terms—Cognitive Computing, Compute-in-Memory,
Memory-Centric Computing, 3D Integration

I. INTRODUCTION

Cognitive computing with large language models [1] and
neuro-symbolic Al [2] is catalyzing rapid progress across
a wide range of societal and scientific domains. At the
same time, translating these cognitive capabilities from cloud
to edge exposes two fundamental challenges for the next-
generation edge-Al hardware: energy efficiency and scala-
bility. This work outlines a few conceptual and practical
answers to address the efficiency and scalability challenges,
exploiting heterogeneous compute-in-memory (CIM) fabrics.
Towards this vision, we review and summarize our recent
efforts spanning algorithm-hardware co-design, cross-layer
modeling, chip prototyping, and exploration of emerging semi-
conductor technologies. First, we discuss our recent CEN-
TAUR chip [3], the first floating-point RRAM-eDRAM fusion
CIM demonstration, enabling high-precision, energy-efficient
edge inference with heterogeneous computational memories.
Second, we revisit zeroth-order fine-tuning and show how an
analog heterogeneous CIM architecture can be co-designed
to support memory-efficient on-device learning [4]. Third, we
explore the vertical dimension and ‘CMOS+X’ integration,
highlighting emerging oxide-semiconductor FETs (OSFETs)
as back-end-of-line (BEOL) building blocks for co-designed
3D edge-Al systems that sustain scaling beyond planar CMOS
while enriching functionality through heterogeneity. Finally,
to systematically navigate the large design space of heteroge-
neous CIM fabrics in scaled-up/scaled-out 2.5D/3D integrated
systems, we provide an overview of our open-source 3D-

CIMlet modeling framework [5], and discuss key insights from
an edge-LLM inference and continual learning case study.

II. CENTAUR: RRAM-EDRAM FusioN CIM CHIP

As edge Al workloads evolve toward Transformer-based and
hybrid models, maintaining numerical accuracy while operat-
ing under strict energy and area constraints becomes increas-
ingly challenging. Conventional CIM accelerators based on a
single memory technology struggle to simultaneously satisfy
precision, efficiency, and scalability requirements while sup-
porting floating-point (FP) computation. To address these chal-
lenges, our recent CENTAUR chip [3] introduced a floating-
point RRAM-eDRAM fusion CIM architecture that lever-
ages functional heterogeneity across memory technologies,
enabling high-precision computation with improved energy
efficiency and scalability.

Fig. 1 summarizes key challenges faced by prior NVM-
based FP-CIM designs, which motivate a heterogeneous
CIM design paradigm. Floating-point matrix—vector multi-
ply—accumulate (MAC) operations naturally decompose into
two distinct components: static, input-agnostic mantissa com-
putation and dynamic, input-dependent exponent manipula-
tion. Existing designs often force these components into a
homogeneous, alignment-based dataflow, resulting in exces-
sive non-computational overhead, accuracy degradation, and
limited scalability. In contrast, a heterogeneous CIM fabric
explicitly maps different computational roles to different mem-
ory substrates, enabling algorithm-aware specialization. In this
context, RRAM is well suited for static mantissa storage and
multiplication, while gain-cell eDRAM efficiently supports
dynamic, refresh-free operations associated with exponent
processing. Reformulating exponent alignment as a shift-
vector-based multiplication further transforms conventional 2D
FP-MAC into a fixed-point 3D-MAC operation, eliminating
alignment-induced accuracy loss.

Building upon this principle, Fig. 2(a) illustrates a concrete
realization of the heterogeneous CIM fabrics. The CENTAUR
architecture integrates multiple RRAM—eDRAM fusion CIM
macros, a sign—-exponent processing core, distributed SRAM
buffers, and a centralized controller. Input activations are
decomposed and routed through parallel data paths, allowing
mantissa and exponent computations to proceed concurrently
across distinct memory domains. A dedicated fusion CIM
bridge coordinates cross-domain data movement, enabling
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Fig. 1. FP-CIM challenges and our solutions presented in [3]: (1) large INT/FP conversion and pre-alignment overhead in NVM FP-CIM macros, (2) accuracy
loss caused by alignment-based FP accumulation, and (3) limited NVM read speed and system throughput. To address these issues, a fusion RRAM—-eDRAM
CIM architecture with a 3D FP-MAC operator is proposed, which enables non-alignment-based FP accumulation, reduces storage and conversion overhead,
and achieves fast, energy-efficient voltage-based reads while preserving computation accuracy.

tightly coupled co-computation without centralized data mar-
shaling. This fabric-level organization allows the system to
scale by replicating fusion macros and exploiting locality,
rather than relying on monolithic, tightly synchronized CIM
blocks. Fig. 2(b) further highlights how scalability is achieved
through interleaved RRAM—-eDRAM operations. By leverag-
ing the decoupled read and write ports of gain-cell eDRAM,
our design supports overlapped sensing, computation, and data
update across different rows and macros. This interleaving
scheme effectively hides NVM access latency and improves
utilization, demonstrating how heterogeneity at the device
and circuit levels translates into system-level throughput and

scalability benefits.

The CENTAUR silicon prototype [3] is shown in Fig. 3,
which exemplifies the heterogeneous CIM design paradigm.
Fabricated in 40 nm CMOS with foundry RRAM, the chip
integrates RRAM, eDRAM, and SRAM into a unified floating-
point CIM fabric operating at 600 MHz and 1.1 V. System-
level evaluation on Tiny-ViT (Vision Transformer) inference
shows only 1.75% accuracy degradation compared to a soft-
ware baseline, while achieving a peak energy efficiency of
38.5 TFLOPS/W. Together, these results validate that heteroge-
neous CIM fabrics can simultaneously deliver high numerical
precision, energy efficiency, and robustness, which are key
requirements for practical edge inference and learning systems.

III. ANALOG CIM FOR ZEROTH-ORDER FINE-TUNING

As on-device personalization and domain adaptation be-
come increasingly important for LLM deployment at the

edge, fine-tuning efficiency is increasingly dictated by memory
overhead and data movement. Zeroth-order (ZO) optimiza-
tion provides a promising alternative to backpropagation [6],
[7], as gradient information is approximated through weight
perturbation, avoiding explicit backward passes and reducing
the need to store large volumes of intermediate activations
and gradients. Existing memory-centric accelerator architec-
tures fail to fully exploit these algorithmic benefits due to
architectural inefficiencies in balancing bit density, compute-
in-memory capability, and endurance-retention trade-offs.

To address this gap, our recent work [4] introduced
a reliability-aware, analog multi-level-cell (MLC) eDRAM-
RRAM CIM solution co-designed with zeroth-order forward-
gradient optimization for language model fine-tuning, as sum-
marized in Fig. 4. In the ZO optimization scheme, a single
forward pass computes both the output and the Jacobian-vector
product via weight perturbation, enabling efficient gradient
updates without backpropagation. Our heterogeneous analog
CIM architecture integrates MLC eDRAM and RRAM at the
memory array level, eliminating redundant peripherals and
enabling transposed-weight-free computation. The dataflow
for forward-gradient computation is illustrated in Fig. 4.
During the forward pass, the weights and a perturbation vector
regenerated from a fixed random seed are each multiplied
by the input and summed to produce both the output and
the Jacobian—vector product (JVP). The loss function then
uses the regenerated perturbation to form the local weight
gradient, which drives the weight update. During testing,
the updated weights (i.e., the base weights plus accumulated
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Fig. 2. (a) Top-level architecture of the CENTAUR floating-point

RRAM-eDRAM fusion CIM engine. (b) Timing diagram illustrating inter-
leaved RRAM-eDRAM digital CIM operations and control sequencing.

updates) are used for the forward pass. In our reliability-aware
eDRAM-RRAM CIM architecture, RRAM cells handle static
weights while endurance-unlimited eDRAM cells are tailored
for dynamic operations that do not require long data retention.

A key circuit-level contribution is an RRAM-assisted
eDRAM MLC programming and accumulation scheme that
leverages DC-current-free charge sharing within the integrated
array. The RRAM-assisted eDRAM MLC scheme can robustly
program 16 levels into eDRAM, paired with a PVT-robust
subthreshold time-to-digital converter (TDC). Designed in a 40
nm process, our silicon MLC-eDRAM combining middle-end-
of-line (MEOL) capacitance enhancement with the back-end-
of-line (BEOL) RRAM-assisted MLC programming provides
12x improvement in bit density over state-of-the-art MLC
design [8]. We further extended the BEOL co-design with
ultra-thin-channel ALD InyOs FETs to further improve bit
density and retention, leveraging the high ON/OFF, low leak-
age, and CMOS BEOL compatibility of this emerging oxide-
semiconductor transistor technology [9]. With the BEOL-
stacked In,O3 FET serving the read transistor in the gain-cell
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Fig. 3. (a) Die photo of the CENTAUR chip [3]. (b) Summary of key chip
specifications and performance.

eDRAM, bit density and retention are further improved by 5 x
and 2x, respectively, compared to our silicon MLC-eDRAM
design.

IV. MoNoOLITHIC 3D Co-DESIGN WITH OSFETS

Future edge inference and learning systems will likely
integrate a diverse set of processing kernels, spanning digital
and analog matrix-multiplication engines, convolution and
attention accelerators, layer-normalization and activation units,
neuromorphic primitives (e.g., event-driven spiking and hy-
perdimensional computing), probabilistic computing blocks,
and dense, energy-efficient on-chip memories. Meeting the
resulting demands for both efficiency and flexibility will
require highly optimized yet versatile building blocks that
can augment and extend beyond silicon CMOS, forming the
foundational hardware fabrics for scalable edge inference and
on-device learning. Towards such vision, vertically stacking
layers of BEOL circuits on front-end-of-line (FEOL) silicon
CMOS (‘CMOS+X’) through fine-grained and dense verti-
cal inter-layer vias (ILVs), monolithic 3D integrated circuits
(M3D-ICs) enable higher integration density, greater energy
efficiency, higher bandwidth, and enhanced functionality [10]-
[15]. Among emerging BEOL-compatible semiconductor de-
vice technologies, oxide semiconductor (e.g. InOx, ITO, IWO,
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Fig. 4. Overview of the analog MLC eDRAM-RRAM CIM architecture co-designed with the zeroth-order fine-tuning scheme [4], where a single forward pass
computes both the output and the Jacobian-vector product via weight perturbation, enabling efficient gradient updates without backpropagation. Heterogeneous
analog CIM performs zeroth-order forward-gradient computation by using RRAM for static operations and eDRAM for dynamic updates, alleviating RRAM

endurance and eDRAM retention constraints.
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Fig. 5. (a) ‘CMOS+X’ with BEOL-compatible oxide semiconductor transis-
tors for 3D logic and memory applications. (b) Overview of a device-circuit-
system co-design pathway for efficient edge-Al hardware based on CMOS-
OSFET integration in 3D.

1GZO, TeOx) field-effect transistors (OSFETs) have shown
great potential for building energy-efficient M3D-ICs due to
their advantages such as ultra-thin channels [16], low leakage
current [17], satisfactory carrier mobility [12], excellent scal-
ability [18], and wafer-scale fabrication process with BEOL-
compatible temperature [19]. Here we advocate that the emerg-
ing OSFETs are energy-efficient, versatile building blocks for

new flavors of heterogeneous CIM fabrics exploiting the third
dimension. As illustrated in Fig. 5(a), OSFET-based logic
and memory [12], [20] (e.g., digital logic, eDRAM, FeFET)
can be integrated on silicon CMOS circuits, interconnected
through ILVs in 3D, enabling high-performance 3D comput-
ing systems. Realizing the full benefits of ‘CMOS+OSFET’
M3D-ICs, however, requires more than device stacking: it
calls for a device—circuit-system co-design methodology that
jointly optimizes the BEOL devices, the interconnected com-
pute/memory fabrics, and the end-to-end architecture for target
inference and learning applications. While prior prototypes
have demonstrated BEOL OSFET stacking on CMOS sub-
strates [20], VLSI-scale integration strategies that translate
these device capabilities into optimized 3D computing systems
remain underexplored. To close this gap, we pursue the cross-
layer co-design flow depicted in Fig. 5(b).

In the proposed co-design framework, at the device level,
process flow and OSFET structures are tuned to meet target
circuit requirements through device-circuit co-simulation and
technology-aware evaluation. At the circuit level, logic and
memory modules for key kernels are tailored to exploit OSFET
properties while mitigating non-idealities. At the system level,
the M3D architecture and neural models are first co-optimized
via neural architecture search (NAS) methods using OSFET
device characteristics, FEOL/BEOL technology options, hard-
ware and 3D-IC design constraints, and model requirements as
inputs. The resulting M3D architecture and tailored circuit de-
sign space then directly guide 3D VLSI implementation: logic
and memory tiers are partitioned through cross-tier mapping
to optimize inter-tier connectivity, signal integrity, and thermal
behaviors, while extracted physical constraints (e.g., routing
congestion and via parasitics) inform 3D physical design opti-
mization. Performance-energy-density metrics extracted from
the model-hardware co-optimized M3D-IC designs are finally
fed back into NAS for closed-loop iterative optimization to
continuously provide efficiency and functionality gains over
planar silicon CMOS systems.
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V. 3D-CIMLET MODELING FRAMEWORK

The third dimension indeed opens complementary pathways
for both scale-up and scale-out of edge inference and learning
systems. In addition to the scale-up through monolithic 3D in-
tegration of BEOL device technologies as discussed in Section
IV, the scale-out can be realized through heterogeneous chiplet
assemblies using through-silicon vias (TSVs) and hybrid bond-
ing with 2.5D/3D packaging, allowing system capability to
grow by composing specialized CMOS and ‘CMOS+X’ dies
with mixed technology options. In this context, we recently
developed and open-sourced 3D-CIMlet [5], a cross-layer
modeling and co-design framework enabling the joint design
space exploration of heterogeneous CIM fabrics with 2.5D/3D
integration. As illustrated in Fig. 6, the framework bridges the
device technology libraries and system-level metrics by ex-
posing a cross-layer design space that incorporates calibrated
models for silicon and beyond-silicon computational memo-
ries, die-to-die (D2D) interconnects, and 2.5D/3D integration
technologies. To demonstrate the capabilities and utilities of
the 3D-CIMlet framework, we designed an edge-LLM system
for inference and continual learning as a case study, and
explored heterogeneous architectures composed of modular
CIM primitives, including resistive RAM (RRAM), gain-cell
embedded DRAM (eDRAM), and hybrid chiplets. The frame-
work explicitly captures the resulting reliability spectrum:
eDRAM offers effectively unlimited endurance but requires
refresh management due to limited retention, whereas RRAM
provides non-volatility but requires write-minimization and
endurance-aware update strategies. Supporting such heteroge-
neous fabrics, the framework models hierarchical Network-
on-Package (NoP) and Network-on-Chip (NoC) structures. By
employing customized cycle-accurate simulation, it captures
the complexities of diverse interconnect topologies across 2D,

2.5D, and 3D schemes, taking D2D interconnect specifications
and intra-chiplet routing overheads into consideration. At the
micro-architectural level, CIM chiplets are built from process-
ing engines (PEs) equipped with charge-based or NVM-based
subarrays for matrix-vector multiplication (MVM), alongside
essential peripheral circuitry like softmax units and accu-
mulators. The explored design space spans heterogeneous
technology nodes from cost-effective 40 nm RRAM chiplets to
more advanced 14/16 nm eDRAM implementations enabling
systematic trade-off analysis for edge-LLM systems.
Leveraging the open-source 3D-CIMlet framework, we dis-
till key design insights for scaling edge LLM systems based on
heterogeneous CIM fabrics from the following perspectives:

1) Architectural Efficiency Gains via Heterogeneity. Transi-
tioning from 2D monolithic designs to 2.5D/3D chiplet
architectures can yield substantial energy efficiency
gains, particularly for memory-intensive workloads like
continual learning. This improvement comes from the
reduced communication overhead by advanced packag-
ing, and from the heterogeneity-aware mapping of work-
loads to memory technologies (e.g., RRAM, SRAM,
eDRAM) that best match device characteristics.

On-Chip Memory Trade-offs in Continual Learning.
For on-chip data storage of backpropagation-related dy-
namic weights, a central trade-off exists between SRAM
leakage and eDRAM refresh energy. For larger-scale
workloads, increasing SRAM buffer capacity reduces the
reliance on costly eDRAM refreshes, often offsetting
the SRAM leakage penalty. Additionally, the choice
between RRAM and eDRAM for gradient storage is dic-
tated by the learning schedule: parallel learning modes
tend to favor eDRAM due to relaxed retention require-
ments, whereas sequential modes with large batches
favor RRAM to avoid excessive refresh costs when

2)



longer retention intervals are needed.

3) Scaling and Thermal Trade-offs. As systems scale, bal-
ancing inter-chiplet NoP and intra-chiplet NoC traffic is
pivotal for minimizing communication costs. Regarding
thermal considerations, while 3D stacking maximizes
compute density, it also induces higher thermal stress
due to increased thermal resistance. In contrast, 2.5D
integration could offer a more uniform thermal profile,
though localized hot spots in high-power density chiplets
still motivate targeted, thermal-aware partitioning and
floorplanning.

VI. CONCLUSION

Sustaining and scaling the cognitive Al capabilities at the
edge call for new heterogeneous, memory-centric fabrics that
co-optimize algorithms, architectures, circuits, and devices,
while exploiting the third dimension for ‘CMOS+X’ integra-
tion and scaling. Realizing this vision will require continued
efforts in developing efficient, heterogeneous CIM proto-
types, experimentally-validated co-design approaches, cross-
layer modeling tools, and 3D ‘CMOS+X’ primitives. Together,
these directions point to a practical roadmap for energy-
efficient, scalable edge inference and learning that can keep
pace with rapidly evolving cognitive Al workloads.
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