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Abstract—This paper proposes a region-of-interest (ROI)-aware
ReRAM accelerator supporting the microscaling (MX) datatype
for next-generation AR/VR. It efficiently combines real-time
gaze tracking with regional visual processing through three
key features: (1) an operating-in-ReRAM ROI architecture with
unified dual-mode macros for efficient MAC and special-function
(SF) acceleration; (2) a distribution-aware MX (DA-MX) flow
that mitigates outlier-induced scale deviation and inter-block
dynamic-range loss in high-dynamic-range (HDR) data; and
(3) a spatiotemporal differential execution (SDE) pipeline that
eliminates redundant computation across consecutive ROI frames.
Fabricated in 28 nm CMOS, the chip integrates 73 Mb ReRAM
and achieves 22.31 TFLOPS/W system energy efficiency at
MXINT8, with up to 88.5× FoM improvement over prior designs.

Index Terms—computing-in-memory, ReRAM, edge accelera-
tor, AR/VR, region-of-interest

I. INTRODUCTION

Next-generation AR/VR demands computation-intensive
ML-based image enhancement [1], [2] and scene analy-
sis [3], [4] under strict power constraints. Restricting large-
scale high-dynamic-range (HDR) processing to the region-of-
interest (ROI) via lightweight gaze tracking [5] significantly re-
duces computational complexity, yet conventional architectures
still incur prohibitive data-movement overhead. Computing-
in-memory (CIM) is a promising solution with high energy
efficiency. However, ROI-aware AR/VR requires diverse oper-
ators and high-precision HDR computing across consecutive
frames, raising new challenges for CIM (Fig. 1): (1) Beyond
MAC operators, ROI-aware AR/VR pipelines require special
functions (SFs) such as spatial transformation [5] and feature
normalization [1]. To achieve acceptable accuracy, SF execu-
tion logic incurs significant area and power overhead in current
designs [6]. (2) MXINT [7] enables hardware-efficient HDR
MAC with narrow bit-width, but precision degradation remains
a challenge in AR/VR HDR processing. Sparse high-luminance
outliers cause scale deviation in MX blocks, and inter-block
accumulation with mismatched scales further compresses the
effective dynamic range. (3) Consecutive ROI frames exhibit
strong similarity across both temporal and spatial dimensions.
Frame-to-frame gaze stability causes temporally redundant
inference, while ROI boundary shifts leave the overlapped
region redundantly reprocessed, incurring significant latency
and energy overhead.

C3: Redundant Computation Cost due to Spatiotemporal Similarity.
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Fig. 1: AR/VR ROI pipeline and three CIM challenges.

II. PROPOSED DESIGN

Among CIM technologies, ReRAM stands out for its non-
volatility, high density, and rapid wakeup response, enabling
all weights to be stored on-chip and completely eliminating
off-chip DDR memory. In this work, we present a ReRAM-
based ROI-aware edge accelerator with three key features to
address the above challenges: (1) an operating-in-ReRAM
ROI architecture that adopts unified dual-mode macros and
a slope-aware iterative indexing scheme to efficiently accel-
erate both MAC and SF operators with adaptive precision;
(2) a distribution-aware MX (DA-MX) processing flow that
suppresses outlier-induced scale deviation via the dominant
exponent selection and eliminates inter-block accumulation
dynamic-range loss via the range-adaptation adder tree; (3)
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Fig. 2: Top-level architecture with three key features.

a spatiotemporal differential execution (SDE) pipeline that
reduces redundancy by comparing binarized edge features and
reusing regions adjusted by workloads. Fig. 2 illustrates the
top architecture: the chip comprises an operating-in-ReRAM
engine with 64 dual-mode macros, FP-MX units for DA-MX,
a feature processing unit for SDE, and a 1 MB activation buffer.
The total effective weight storage is 73 Mb, with all SF results
and MX block scales stored on-chip.

A. Operating-in-ReRAM ROI Architecture

Beyond standard activation functions such as GeLU and
softmax, ROI-aware AR/VR pipelines introduce more SF
operators from sensor and frame processing. For example,
gaze tracking [5] requires spatial transformation to convert the
gaze point from camera coordinates to screen coordinates, and
HDR denoising [1] requires normalization of multi-modal data
including texture, depth, and color. Conventional dedicated
SFU logic incurs significant overhead. Existing LUT-based
approaches [6] use fixed segmented mappings that require per-
function customization of segmentations to cover the diverse
slopes of different SFs, resulting in varying entry counts and
address decoder widths that incur large area overhead. A
unified, CIM-friendly, and high-precision solution is required.

We propose the operating-in-ReRAM ROI architecture with
reconfigurable dual-mode macros and a slope-aware iterative
indexing scheme. Fig. 3a details the macro structure and the
dataflow. Each macro contains 16 banks of 128×73×8b 1-
bit ReRAM cells and a 72×1b×8b MAC unit. Beyond the
essential MAC computation modules, the macro only adds a
lightweight SF encoder/decoder. The two modes run in parallel
via decoupled dataflows.

Fig. 3b illustrates the slope-aware iterative indexing, which
performs coarse-to-fine indexing through multiple iterations.
Each iteration accesses a fixed number of entries with a
progressively narrower range and finer resolution. A 2-bit
pointer embedded in each entry determines at runtime whether
the current slope requires further iterations, enabling a unified

(a) Operating-in-ReRAM: Dual-mode Reconfigurability

SF Iteration DataflowMAC Preservation Dataflow MAC Calculation Dataflow
(b) Operating-in-ReRAM: Slope-aware Iterative Indexing Scheme
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Fig. 3: The operating-in-ReRAM ROI architecture implements unified dual-mode macros
for both MACs and SFs, and the slope-aware iterative indexing for adaptive SF precision.

indexing process that adapts to different SFs without changing
the input address width. In high-slope regions, the pointer
directs the next iteration to finer-resolution entries, while in flat
regions a null pointer terminates the indexing in a single pass.
Each iteration level contains 256 entries, occupying 256×10b
of bank capacity.

The evaluation results on three representative SFs are
summarized in the table of Fig. 3b, including the third-order
polynomial gaze spatial transformation ps=

∑
i+j≤3 aijx

iyj ,
the normalization function 1/

√
x, and the softmax exponential

ex. For 1/
√
x, 2 iterations with 256 fine entries achieve 0.002%

maximum error. A uniform LUT achieving the same accuracy
requires ≥8192 entries with a 13-bit address, consuming 10.7×
storage and necessitating a wider address decoder. Instead of
the conventional LUT, the proposed scheme keeps the input
address at 8 bits for all SFs. The SF mode adds only 5% area
and 6% power to the total chip overhead.

B. Distribution-Aware MX (DA-MX) Processing Flow

In AR/VR HDR processing, the floating-point (FP) format
can represent luminance spanning several orders of magnitude.
To enable hardware-efficient CIM, FP activations are converted
to MXINT for MAC. However, two precision challenges arise.
First, within each MX block of k elements, sparse high-
luminance outliers from light sources and specular highlights
dominate the E8M0 shared scale, degrading the precision of
the activation distribution. Second, accumulating partial sums
across blocks with different scales compresses the effective
dynamic range of smaller-scale operands. Prior input-domain
alignment [8], [9] compounds the error through narrower
bit-width truncation, while two-level FP accumulation [10]
introduces additional FP adders and control overhead.

DA-MX addresses both problems through an end-to-end FP-
MXINT processing flow with the dominant exponent selection
for input scale determination and the range-adaptation adder
tree for partial-sum accumulation, as detailed in Fig. 4. Input
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Fig. 4: The DA-MX applys dominant exponent selection with intra-bank mantissa
alignment and range-adaptation adder tree for inter-bank accumulation.

activations are stored as E4M3 FP8 in the activation buffer
and converted to MXINT8 for computation. To maximize
ReRAM computation efficiency, block size k is set to the
bank parallelism, which is 72 in this design. Each bank has
73 columns, where 72 elements share one E8M0 scale stored
in the remaining column.

Fig. 4a shows the dominant exponent selection flow. It
processes the exponents of the 72 inputs one bit-plane at a
time. In each cycle, the 72 bits at the current bit position
are collected into a validity register. A popcount comparator
determines whether 0 or 1 is more frequent among the valid
bits and clears the less frequent value. Only the dominant
bits are processed in subsequent cycles. After 4 cycles, the
remaining valid bits share the dominant exponent as the scale.
Sparse luminance outliers are isolated in the cleared bits. In
the subsequent shift phase, each mantissa is bidirectionally
zero-padded to 8 bits with the sign bit preserved at the MSB.
It is then left or right-shifted by its exponent offset from the
shared scale to produce the MXINT8 representation. DA-MX
centers the dominant data distribution within the effective bit-
width. The conversion is fully pipelined with the bit-serial
MXINT8 computation of the previous block. To support wider
formats, the shift phase can be partially parallelized with the
comparison phase to hide additional latency.

The range-adaptation adder tree in Fig. 4b mitigates
dynamic-range loss during inter-block accumulation. At
each tree level, a range-adaptation module left-shifts each
partial sum until its MSB changes or the scale reaches
zero, maximizing representable headroom. A subsequent
scale-alignment module then aligns the different local scales
before addition, preventing smaller-scale operands from being
truncated when merged with larger-scale results. The accuracy
comparison with ablation is summarized in Fig. 4b. The full
DA-MX scheme incurs only a 0.001 1-SSIM degradation on
Monte Carlo denoising compared with FP32 software, and
maintains 95.04% baseline accuracy on classification.
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C. Spatiotemporal Differential Execution (SDE) Pipeline

Consecutive ROI frames contain significant redundancy.
Temporally, when the scene is static or gaze moves slowly,
successive frames carry nearly identical content. Spatially,
when the ROI boundary shifts, the overlapping region is
redundantly reprocessed. Prior methods operate at the full-
frame level with workload-uniform policies, introducing non-
negligible area and computation overhead [11], [12].

SDE suits ROI-aware processing by detecting redundancy
with binarized edge comparison and reusing overlapped regions
adjusted by workloads (Fig. 5). For temporal redundancy, the
binarized edge comparison is pipelined with gaze tracking
and reuses the MAC and pooling operators of the ROI
architecture, as shown in Fig. 5a. Prewitt operators, executed
as standard convolutions on the macro, extract edge features
from consecutive ROI frames. Pooling-based downsampling
then reduces minor fluctuations and controls the detection
sensitivity. The downsampled edge features are then binarized
via threshold comparison for efficient bitwise evaluation. Both
the pooling size and threshold are determined via parameter
search. For analysis tasks, the pooling size is set to 2 and the
threshold to 63. For enhancement tasks, the pooling size is set
to 1 and the threshold to 31. A bitwise XOR tree compares the
current and previous maps to produce a scalar frame-divergence
metric in O(logN). Frames with similarity exceeding 90% are
forwarded to the spatial detection stage.

The spatial region reuse illustrated in Fig. 5b depends on the
workload characteristic and the overlap ratio between consecu-
tive ROI frames. For analysis tasks, where the newly exposed
region does not affect the global prediction, the overlapped
region is directly skipped when the ratio exceeds 60%. For
enhancement tasks, where every output pixel contributes to
image quality, the ratio is raised to 80% and a configurable
padding region is applied around the newly exposed region
to guarantee lossless processing at the boundary. The padding
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Fig. 7: Performance comparison with prior designs.

width is set to 18 pixels for Monte Carlo denoising. SDE results
are analyzed in Section III.

III. MEASUREMENT RESULTS

Fig. 6 shows the die photo, area/power breakdown, per-
formance scaling, demo system, and per-task results. The
chip occupies 4.64×4.10 mm2 in 28 nm CMOS and integrates
92.45 Mb ReRAM (73 Mb effective weights, remainder for
ECC and dummy cells). It operates at 100–500 MHz with a
0.63–0.9 V supply. The demo runs the full gaze-tracking [5]
and AR/VR pipeline on-chip without off-chip DDR. Four
representative AR/VR tasks are evaluated with per-task ac-
curacy and latency listed in Fig. 6, including Monte Carlo
denoising [1], [13], color constancy [2], video 3D detection [3],
and classification [4]. The chip delivers 97 fps on denoising and
up to 1554 fps on classification with the SDE. SDE provides
32.7% average computation reduction across the four tasks.

Fig. 7 compares this work with recent CIM and digital ac-
celerators [8], [14]–[17]. The chip achieves 22.31 TFLOPS/W
full-system energy efficiency at MXINT8. As the design stores
all weights on-chip without DDR, we adopt a storage-density-
aware FoM = TOPSN/W×Mb/mm2 that jointly captures en-
ergy efficiency and weight density. This work achieves the
highest system-level energy efficiency and a SOTA FoM

improvement ranging from 2.3× over prior CIM to 88.5×
over conventional digital architectures.

IV. CONCLUSION

This paper presented a 28 nm 73 Mb ReRAM-based ROI-
aware edge accelerator achieving 22.31 TFLOPS/W system
energy efficiency. The dual-mode macro supports diverse SFs
with only 5% area and 6% power overhead. The DA-MX
preserves FP32-level accuracy with only 10% area overhead.
The SDE pipeline eliminates 32.7% of redundant computation
across consecutive ROI frames. Silicon measurements on four
AR/VR tasks demonstrate SOTA energy efficiency and up to
88.5× FoM improvement over prior designs.
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