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Abstract— This article presents RoboVisio, an efficient and
highly flexible domain-specific system-on-chip (SoC) for vision
tasks in fully autonomous micro-robot navigation. A novel hybrid
processing element (PE) is proposed, in which classic vision tasks
achieve high efficiency by using a 2-D-mapping architecture, while
convolutional neural network (CNN) is executed in an efficient
output-channel-parallel systolic manner. Combining both process-
ing schemes into a single PE array future-proofs the architecture,
facilitating next-generation CNN-heavy vision algorithms, while
saving 40% area and leakage with no power overhead and
throughput loss, compared with two separate array implementa-
tions. To further improve energy and area efficiency, the design
incorporates a number of key features: 1) 2-MB magnetoresistive
random access memory (MRAM) for non-volatile fully-on-chip
weight storage; 2) a unified image-activation memory (IAMEM)
with block-swapping-based input/output image buffering that
reduces buffer footprint by 50% and eliminates data copy for
multi-frame buffering; and 3) a combination of weight buffering
and CNN loop ordering that reduces weight memory system
power by 75%. Fabricated in 22-nm CMOS, the design achieves
0.22 nJ/pixels for Harris corner feature detection (a classic or
non-CNN vision task) and 3.5 TOPS/W (16-bit OP) for CNN,
a 40%-170% efficiency improvement over state-of-the-art edge
machine learning (ML) SoCs using non-volatile memory (NVM).

Index Terms— Autonomous navigation, computer vision,
domain-specific accelerator (DSA), micro-robot, neural network
(NN), non-volatile memory (NVM).

I. INTRODUCTION

OBILE land and aerial micro-robots play a vital role in
various critical applications where human intervention
is risky or impractical, such as confined space inspection,
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Fig. 1. Applications and computing challenges for advanced micro-robots.

search and rescue, and environmental monitoring. Notable
micro-robot designs include Colias [1], HAMR-F [2], and
RoboBee X-Wing [3]. As shown in Fig. 1, they are charac-
terized by their small sizes (centimeter scale), light weights
(~10 g), and low-power consumption (<1 W). Autonomy is
essential for these micro-robots, which relies on sophisticated
navigation systems, such as those proposed in [4] and [5].
They typically function based on camera and inertial sensor
data and consume substantial computing resources. Many
commercial robot computing platforms have been developed,
such as NVIDIA Jetson Nano and Intel RealSense T265.
However, their form factors, weights, and power consumption
greatly exceed the constraints for micro-robots and cannot be
re-purposed for micro-robot systems. Furthermore, the existing
micro-robots, such as HAMR-F [2], already allocate most of
their power to mechanical actuation, leaving limited power
budget for higher level autonomy. To address this, the extra
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Fig. 2. Vision-based autonomous navigation system for mobile robots.

computing power needed for autonomy should incur negligible
overhead, ideally less than 10% of the system’s power. Follow-
ing that constraint, the ~120-mW total power consumption of
RoboBee X-Wing [3], one of the most advanced aerial micro-
robots, allows only ~10 mW to be consumed by the extra
computing. In addition, computing hardware for micro-robots
must be highly integrated and area-efficient to match their
small form factors and weights. Thus, optimizing energy and
area efficiency presents significant challenges for micro-robot
computing.

To tackle these challenges, a comprehensive study of
autonomous navigation systems is essential. Fig. 2 illustrates a
typical vision-based autonomous navigation system for mobile
robots, based on [5]. The first crucial step is simultaneous
localization and mapping (SLAM) [6], [7], which provides
six degree of freedom (6-DoF) poses (translation and rota-
tion) for the robot. SLAM comprises a vision front end
and an optimization back end. The front end establishes
visual correspondences between views of the same landmarks
across consecutive frames using feature detection methods,
such as Harris corner [8] or Shi-Tomasi [9], and feature
tracking methods, such as Lucas—Kanade optical flow (LK
flow) [10], [11]. The back end employs non-linear optimiza-
tions, mainly involving matrix computations, to determine
poses that align with observed visual correspondences based
on geometric principles. The next step involves estimating
dense depths, which can be achieved using classic methods,
such as stereo local matching [12] or convolutional neural net-
work (CNN) [13]. With dense depth information, an accurate
and high-resolution occupancy grid map [14] is constructed,
facilitating path and trajectory planning. During path traversal,
real-time obstacle detection and avoidance are crucial, with
CNN-based methods, such as DroNet [15] gaining popularity.
Higher level tasks, such as object detection and recogni-
tion, are typically CNN-based as well. Among these tasks,
vision tasks constitute a significant portion in terms of both
quantity and computing resources. As depicted in Fig. 2,
the vision front end is a major contributor to power con-
sumption (58%) and area usage (53%) in the state-of-the-art
SLAM accelerator, Navion [16]. Efficiently accelerating vision
tasks has emerged as a prominent challenge in micro-robot
computing.

To that end, many computer vision processors have been
proposed. Most prior works have focused on dedicated
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accelerators for specific tasks, such as feature detec-
tion [17], optical flow [18], dense depth estimation [19], [20],
SLAM [21], [22], or custom algorithms [23]. While these
accelerators can be highly efficient, integrating multiple of
them into a micro-robot vision system-on-chip (SoC) results
in high non-recurring engineering (NRE) costs, and substantial
area and leakage overhead. Furthermore, without programma-
bility, advancements in algorithms can quickly render these
accelerators obsolete, leading to recursive NRE costs. On the
other hand, programmable domain-specific SoCs for micro-
robot vision offer forward compatibility and reduced NRE
costs. Some designs [24], [25] integrate dedicated accelerators
with general-purpose processors to enhance programmability.
However, efficiency may be compromised when new vision
tasks have to be mapped onto general purpose processors.
Image processing domain-specific accelerators (DSAs) [26],
[27] provide flexibility and efficiency for classic vision tasks
heavily involving image filtering, but may suffer inefficiency
for CNN-based tasks, which often require different data flows.
Recently, several neural network (NN) DSAs [28], [29],
[30], [31], [32], [33] have been proposed for efficient NN
inference, but lack flexibility in efficiently supporting classic
vision tasks, which remain crucial. Therefore, the need has
arisen for micro-robot vision architectures capable of handling
both classic and CNN-based vision tasks in an efficient and
programmable manner.

In this article, we introduce RoboVisio, an efficient
and highly flexible micro-robot vision domain-specific SoC
designed for fully autonomous navigation. RoboVisio focuses
on the four primary vision tasks that are sequentially executed
in a navigation vision pipeline: feature detection, feature
tracking, dense depth estimation, and CNN-based obstacle
avoidance. To accelerate them efficiently, we propose a novel
neural vision processing unit (NVPU) with a hybrid processing
element (PE). Classic vision tasks are optimized using a
2-D-mapping architecture, while CNN processing adopts an
efficient output-channel-parallel systolic approach. Combining
both processing schemes into a single PE array ensures future
compatibility with CNN-heavy vision algorithms, while saving
40% area and leakage with no power overhead and through-
put loss, compared with two separate array implementations.
To further improve energy efficiency, RoboVisio incorporates
a number of key features: 1) 2-MB magnetoresistive random
access memory (MRAM) for non-volatile fully-on-chip weight
storage; 2) a unified image-activation memory (IAMEM)
with block-swapping-based input/output image buffering that
reduces buffer footprint by 50% and eliminates data copy for
multi-frame buffering; and 3) a combination of weight buffer-
ing and CNN loop ordering that reduces measured weight
memory system power by 75%. Fabricated in 22-nm CMOS,
the design achieves 0.22 nlJ/pixels for Harris corner feature
detection (a classic vision task) and 3.5 TOPS/W (16-bit OP)
for CNN, a 40%—-170% efficiency improvement over state-
of-the-art non-volatile memory (NVM)-based edge machine
learning (ML) SoCs.

The rest of this article is organized as follows. Section II
provides an overview of the proposed SoC’s architecture.
Section III discusses data flows, PE design, and instruction set
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Fig. 3. SoC architecture of RoboVisio.

architecture (ISA) for the NVPU. Section IV explores on-chip
memory system optimizations, including image buffering and
weight buffering. Section V presents the measurement results
of RoboVisio. Finally, Section VI concludes this article.

II. SYSTEM-ON-CHIP ARCHITECTURE

Fig. 3 presents an overview of the proposed SoC’s top-
level architecture. It features an ARM Cortex-M33 sub-system
serving as the central controller, equipped with 128-kB
instruction memory, 64-kB data memory, 64-kB scratchpad
memory, and floating-point units (FPUs). The on-chip compo-
nents are integrated using ARM’s Advanced Microcontroller
Bus Architecture (AMBA) Advanced High-performance Bus
(AHB) interconnect. For external communication, the SoC
employs a serial peripheral interface (SPI) for program load-
ing, debugging, and external control. Real-time image frames
are supplied to the IAMEM through an image interface that
utilizes a video graphics array (VGA)-like pixel-serial bit-
parallel protocol, supporting up to 20 frames/s at a resolution
of 640 x 480 (VGA). The NVPU efficiently handles both
classic and CNN-based vision tasks and communicates with
the Cortex-M33 core through interruption-based handshaking,
particularly for tasks requiring floating-point arithmetic, such
as LK flow. The 936-kB IAMEM stores images in either
8- or 16-bit pixels through packing 16 or 8 pixels in the
128-bit SRAM word. It supports simultaneous input and output
buffering as well as access to the two scratchpads (image sets),
providing a bandwidth of 128 bit per cycle for buffering and
up to 768 bit per cycle for image sets. The simultaneous access
to image sets allows the NVPU to utilize ping-pong processing
schemes and minimize memory latency. Furthermore, the SoC
integrates 2-MB MRAM for retentive, high-density, and fully-

on-chip weight storage, offering a bandwidth of up to 128 bit
per cycle. The MRAM interface supports multi-cycle read to
accommodate processing logic of higher frequencies.

III. NEURAL VISION PROCESSING UNIT
A. Architecture Support for Vision Processing Kernels

The design of a programmable DSA begins with the extrac-
tion of common processing kernels for the various workloads
covered in a target domain. For the micro-robot navigation
vision pipeline targeted by RoboVisio, four primary processing
kernels are identified: filtering of images, pixelwise operations,
reduction of pixel data, and convolution of activations. The
first three are used primarily for classic vision tasks, while the
last one is for CNN-based vision. These kernels operate on 2-D
data structures, and 2-D-mesh connected architectures have
been efficient choices [22], [34] for such tasks. We discovered
that two mesh architectures, respectively, optimized for image
filtering and CNN share many similarities in topology and
data flow, which can be unified into one for flexibility and
area efficiency without compromising energy efficiency: the
2-D-mapping architecture [35] optimized for image filtering
and the output-channel-parallel systolic convolution archi-
tecture [36] suited for CNN. This results in a hybrid PE
array with two modes: image processing mode (IPM) for
classic vision tasks using the 2-D-mapping data flow and
systolic convolution mode (SCM) for CNN-based vision tasks
employing the output-channel-parallel systolic convolution
data flow. Fig. 3 (bottom) illustrates the NVPU architecture,
which includes a custom reduced instruction set computer
(RISC) core for control and scalar operations, making NVPU
instruction programmable. The hybrid PE array is tightly cou-
pled to the RISC core, forming a single instruction, multiple
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2D-Mapping based IPM: Single weight broadcast to all PEs
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Fig. 4. IPM architecture and data flow for image filtering.

data (SIMD) datapath. Further details about the NVPU’s ISA
will be provided in Section III-C. Next, we discuss how NVPU
architecturally supports the vision processing kernels.

Filtering of Images: Fig. 4 depicts the 2-D-mapping data
flow employed by IPM for image filtering, using 3 x 3 Sobel
filtering as an example. In IPM, output pixels remain stationary
in the PEs, while input pixels can be shifted around. To filter
an image block, pixels are initially loaded from IAMEM into
shift registers (Shift-Reg) in the PEs, one row per cycle. Then,
input pixels start to shift in a zig-zag pattern, and the access of
filter weight shifts accordingly, with a single weight broadcast
to all PEs. During each shifting cycle, the input pixel in
a PE is multiplied by the broadcast weight, and the partial
result is accumulated into the output pixel in the same PE.
After shifting (nine cycles for example), the output pixels are
shifted out of the PE array and stored to IAMEM row by row.
Alternatively, they can remain in the PE array for potential
reuse in later operations, thereby amortizing IAMEM access
overhead.

Pixelwise Operations: IPM also efficiently supports pix-
elwise operations through associating each PE with a pixel
and executing SIMD operations. As will be discussed in
Section III-B, each PE is equipped with a multi-function arith-
metic logic unit (ALU) and a local register file (LRF). These
features facilitate the flexible execution of diverse pixelwise
operations essential for vision processing tasks.

Reduction of Pixel Data: Classic vision tasks often involve
reduction operations on pixel data. For instance, Harris corner
feature detection requires finding the global maximum among
Harris corner scores (one per pixel). Similarly, sparse LK
flow involves summing processed pixels in an image window.
As the 2-D-mesh topology is not well suited for efficient
reduction, we have designed an ALU tree closely integrated
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Output-Channel-Parallel SCM: PE rows stream weights of different OCs
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with the PE array, operating directly on data shifted out of the
array. It is pipelined to match the critical path in the PE array,
and for an image block, it incurs no more latency than IAMEM
load or store. This ALU tree supports common reduction
operations, such as addition for summation and comparison
for locating minimum/maximum values, with results stored in
the RISC core RE.

Convolution of Activations: To efficiently process CNN
inference, the hybrid PE array switches to SCM, as Fig. 5
shows. In SCM, CNN activations and weights are stored in
8 bit. SCM shares many similarities with IPM, such as the 2-D-
mesh topology, row-by-row IAMEM access, stationary output,
and multiply accumulate (MAC) as the primary operation.
Unlike IPM, in SCM, each row of PEs maps weights from
different output channels. Weights (from ping-pong weight
buffers) and input activations (from IAMEM) are serialized
across input channels and filter windows and streamed into
the PE array in a systolic fashion (non-zig-zag). Due to its
systolic nature, weights can be reused across a row of PEs,
and activations can be reused across a column of PEs. This
reduces memory access to array boundaries, matching the
memory bandwidth of IPM. In contrast to the IAMEM load
and store latency overhead induced by row-by-row access
in IPM, SCM convolution is fully pipelined and incurs no
memory latency once set up. When the last inputs of an
inner loop iteration reach the bottom-right PE, all output
activations for that iteration are ready and can be shifted out
of the PE array via IPM’s Shift-Reg network. They are either
sent to the NN SIMD units (e.g., batch normalization) for
layer fusion or stored to JAMEM. Simultaneously, inputs for
the next inner loop iteration have already begun streaming.
Since convolution layers typically have many input channels
(e.g., >32), the output shifting latency of the current iteration
can often be hidden beneath the input streaming of the next
iteration, enabling continuous input streaming.

B. Hybrid Systolic 2-D-Mapping Processing Element

The PE array architectures of IPM and SCM share highly
similar inter-PE connections and the use of MAC units. There-
fore, it is advantageous to unify their PE microarchitectures
into one design for improved area efficiency and reduced
leakage. Fig. 6 shows the proposed hybrid systolic 2-D-
mapping PE. For the 2-D-mapping PE and systolic convolution
PE, their MAC units and accumulation registers (Acc-Reg) are
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merged. In addition, the output activation register (ActOut-
Reg) in SCM PE is combined with the Shift-Reg in IPM
PE. Table I presents the post-synthesis power, performance,
and area (PPA) results (22-nm CMOS at 0.8 V and 10 MHz)
for various PE designs. The highest frequencies are achieved
by pushing the synthesis clock period constraints at 0.8 V.
By merging the Shift-Reg with ActOut-Reg and reusing MAC
and Acc-Reg, area and leakage of the proposed design are
reduced by ~40% with no power overhead compared with
the brute-force design using two separate PEs.

While quantization down to 4 bit can still deliver satis-
factory accuracy for NN [37], [38], classic vision tasks may
demand significantly larger dynamic ranges. In [27], 16- and
32-bit ALUs are employed to support dense LK flow, mainly
due to the requirement from computing products of 8-bit pixel-
like variables (pixels, image difference, image gradient, and
so on). As our hybrid PE caters to both CNN-based and
classic vision tasks, we have opted for 16-bit MAC and 32-bit
accumulator to mainly address the requirements of classic
vision tasks. In SCM, the 8-bit activations and weights of CNN
are sign-extended to 16 bit for computation.

To enhance the flexibility of the hybrid PE for pixel-
wise operations, the MAC unit is extended to function as
a programmable ALU supporting operations, such as MAC,
addition, multiplication, shift, and comparison. Each PE is
further equipped with an LRF, enabling intermediate results
to remain in the PE array for reusing, which significantly
reduces TAMEM access and footprint. For example, Harris
corner feature detection requires multiple rounds of filters and
pixelwise operations, for which IAMEM access and footprint
can be reduced by at least 14x and 3x, respectively, with
reusing.

Furthermore, by introducing the mask register (Msk-Reg),
NVPU supports the masking mechanism in SIMD execution.
For a masked PE (Msk-Reg is 1), only SREG and Msk-Reg
are active; all its other units are gated. Masking primarily
serves the purpose of reducing power. For example, in 3 x 3
filtering (Fig. 4), two rows/columns of boundary PEs on each
side of the array are purposed as Shift-Reg. As a result, only
the central 20 x 20 PEs compute meaningful results. Without
masking, it leads to an estimated 30.56% energy efficiency
loss for the PE array. Through masking the boundary PEs,
the power overhead can be reduced to only include their

IEEE JOURNAL OF SOLID-STATE CIRCUITS, VOL. 59, NO. 8, AUGUST 2024

TABLE I
POST-SYNTHESIS PPA COMPARISON FOR DIFFERENT PE DESIGNS
. . 2D-Mappin, Systolic Brute-Force | Proposed PE w/o
Specification pping Y e P
PE Conv. PE | C ion LRF and Mask
Area 458:m? 461m? 9191m? 561m?
Highest
s 1.4GHz 2.0GHz 1.4GHz 1.4GHz
Frequency
Leakage 0.51uW 0.51uW 1.02puW 0.6W
IPM Power 26uW N/A 26.5uW 26.4uW
SCM Power N/A 16.5uW 17uW 17uW
Type Instruction Description NN Layer Description
BRCH/JP  |Branch/jump ll CONV Convolution layer
SCALU Scalar integer arithmetic ! CONV BN Fused convolution and batch
ll - normalization
SCLD/SCST ScraIaRrFDMEM load/store toffrom RISC I'| conv Rs Fused  convolution  and
RISC core - residual addition
Control | \maswp  |swap physical blocks in IAMEM 1
i l’ CONV_RL Fused convolution and ReLU
Switch PE array to use the Msk-Reg as
SWMSK [ -ble or not Y 9 ! | conv BNRL |Fused convolution, — batch
I - normalization and ReLU
INTRQ Interrupt external host ll CONV RSRL Fused convolution, residual
IMGFILT | Filter image block in the PE array with | _ addition and ReLU
specified weights from Filter RF | CONV_UP | Up-sampling convolution
Pixel-wise arithmetic with both inputs 1
ALUEW " 1rom PE's local RF 7
rom PE’s local 1 CONV RLUP Fused up-sampling
PE Array ALUBC Pixel-wise arithmetic with one input| | - convolution and ReLU
Arithmetic broadcast from RISC core RF ]
P - n - - POOL_MAX |Max pooling
ixel-wise arithmetic with one input| |
ALUIMM . h
broadcast from immediate I )
AL Shift PE array data to ALU tree for| | POOL_AVG |Average pooling
UTR "
reduction kernels I
i W ith| | BNORM  |Batch normalization
PESHFT SRE_G_ data sl_1|ﬂed by one-hop with h
specified direction
MVREG Move data among PE’s local RF, [ RES Residual addition
PE A SREG, PREG and Msk-Reg ll
rray
Data LD2D/ST2D IAMEM load/store to/from SREG for| | RELU RelLU
24x24 image blocks |
Fused batch normalization
Store masked SREG data to scalar BNRL
STVEC | DMEM as a vector ,l and ReLU
LDMSK/  [Mask MEM load/store to/from Msk-Reg RsRL |Fused residual addition and
STMSK  |for 24x24 image blocks ReLU
Neural Execute NN inference starting from »
Network NNRUN specified 1°“layer in NN table FcL Fully-connected layer
Fig. 7. ISA of NVPU showing major instructions.

leakage and SREG dynamic power. Post-automatic placement
and routing (APR) simulation results of VGA Harris corner
detection at 0.8 V and 100 MHz show that masking unused
boundary PEs during image filtering and pixelwise operations
help reduce the overall energy per frame of by 26%. In addi-
tion, for a VGA image with 60 features tracked from previous
frames and a feature masking radius of 30 pixels, 43% of
pixels can be masked for new feature detection on average
(regions near old features are not considered). Gating their
ALUs, LRFs, and Acc-Regs leads to a measured 17% power
reduction for Harris corner detection at 0.52 V. Note that, the
NVPU programs used for measurement results in Section V
do not implement masking. Masking does not contribute to
performance improvements; instead, it may result in lower
utilization rate of the PE array.

C. Instruction Set Architecture

Fig. 7 shows the NVPU ISA, which combines aspects from
various paradigms. It primarily follows the SIMD execution
model. In terms of ISA flavor, it leans toward RISC but
incorporates complex instruction set computer (CISC) features
for dedicated high-efficiency acceleration of processing ker-
nels. For instance, the IMGFILT instruction can be thought
of as a microcode constructed from PESHFT and pixelwise
ALU (MAC) operations, controlled by a dedicated finite state
machine (FSM) within the RISC core decoder. In addition,
higher level functions, such as CNN layers, are controlled
by dedicated FSMs for optimized efficiency, as seen with
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# Load a 24x24 image region into PE array. GRF := RISC core RF
Load region LD2D  IMGTAB_imgin  INT8 ~ GRF.x GRF_y #PC LD2D
imgin[x : (x + 24), y : (y + 24)] MVREG SREG LRF  LRF_pix #LRF pix = SREG

NIEEEIEVISRECS # Sobel filtering for image gradients dx and dy (image filtering)

MVREG LRF SREG  LRF_pix
Sobel filterings for image gradients: IMGFILT MAC FILTRF_sobel_x
dx = IMGFILT(imgin, sobel_x) MVREG PREG LRF LRF_dx #LRF_dx = PREG
dy = IMGFILT(imgin, sobel_y) MVREG ZERO PREG #reset PREG (PREG = 0)
- n - " # Per-pixel gradient covariance matrices (pixel-wise OPs)
Per-pixel gradient covariance matrices: ALUEW MUL LRF dx LRF dx LRF dxdx
dxdx = dx* dx, dxdy = dx* dy ALUEW MUL  LRF_dx LRF_dy LRF_dxdy
dydy = dy* dy ALUEW MUL LRF_dy LRF_dy LRF_dydy

# Box filtering to smooth the covariances (image filtering)
MVREG LRF SREG LRF_dxdx

Box filterings to smooth covariances:
dxdx = IMGFILT(dxdx, box)

dxdy = IMGFILT(dxdy, box) IMGFILT MAC FILTRF_box
_ MVREG PREG LRF LRF_dxdx
dydy = IMGFILT(dydy, box) MVREG ZERO PREG
Per-pixel Harris corner score: ;#“F"‘(‘;rrp\xc\ Harris corner score calculation (pixel-wise OPs)
trace = dxdx + dydy ALUEW ADD LRF_dxdx LRF_dydy LRF_trace
det = dxdx * dydy — dxdy2 ALUEW SuUB LRF_dx2dy2 LRF_dxdy2 LRF_det

k=0.04, harris = det— k * trace® | |-
# Store Harris corner score map (16x16 regions after filtering) to IAMEM
! MVREG LRF  SREG  LRF_harris
Store Harris comer score results ST2D  IMGTAB_imgharris INT16 ~ GRF_x GRF_y
from PE Array LRFs to
imgharris[x : (x + 16), y : (y + 16)]

# Update region coordinates (loop iterators)

SCALU ADD GRF_x 16 GRF_x #GRF_x+=16

l Update x and y with steps of 16 } M}mp back to LD2D to process the next image region
JP PC_LD2D

Fig. 8. Mapping Harris corner feature detection to NVPU ISA.

the NNRUN instruction and supported NN layers. The NN
ISA exploits layer fusion between convolution and NN SIMD
units, with layers, such as CONV_RS.! The NN ISA also
supports high flexibility in configuring layer parameters, such
as feature map and filter sizes, stride, decimal point positions,
and memory addresses. NN layers are stored in the NN table
and executed sequentially, starting from the specified layer in
NNRUN and stops whenever the layer is marked as the last.
This flexibility allows slicing large layers into smaller chunks
for fused execution, reducing memory usage.

Fig. 8 shows an example of how the NVPU ISA is used
to program Harris corner score calculation, the major step in
Harris corner feature detection. In the example, images are
processed at the macroblock (16 x 16 pixels) granularity, and
intermediate result reusing enabled by the LRFs is exploited
to minimize IAMEM load and store overhead. For each loop
iteration, an image block is first loaded using LD2D; then,
the pixels are moved from SREGs to LRFs using MVREG.
Subsequently, Sobel filtering is applied using IMGFILT, with
gradient results stored in LRFs. Per-pixel gradient covari-
ance values are then calculated using pixelwise operations
(ALUEW). Next, box filtering is applied to the covariance
using IMGFILT again. After that, Harris corner scores are
calculated using a series of pixelwise operations (ALUEW
and ALUBC), with the parameter k broadcast from RISC
core RF. Finally, Harris corner scores are stored to IAMEM,
and the iteration advances onto the next macroblock. To
further implement masking, mask bits for an image block
can be loaded from the image mask memory into the PEs
using LDMSK. Then, SWMSK is used to activate mask-based
gating, before Sobel filtering starts. Custom masks for a block
can be flexibly generated through PE arithmetic instructions
and then stored to the image mask memory using STMSK.

Fig. 9 illustrates the mapping of sparse LK flow (with only
one pyramid level in this example) onto RoboVisio, utilizing
both Cortex-M33 and NVPU. The program flow is controlled

'Note that, the prevalent practice today for applying post-convolution BN
is to absorb BN parameters into the convolution layer via associativity of
multiplication, instead of CONV_BN shown in Fig. 7.
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# Load previous image window (19x19) centered around (X,, ¥,)
LD2D  IMGTAB_imgpre INT8  GRF_xp GRF_yp
MVREG SREG LRF LRF_pre #LRF_pre = SREG

Tracking Initialization for a feature point:
(Xp, Yp) = featurepelil; (Xe, ye) = (Xp, Yp);

Cortex-M33 signals
NVPU to start

# Sobel filtering for previous frame image gradients dx and dy
MVREG LRF  SREG LRF_pre
Compute the sum of per-pixel IMGFILT MAC FILTRF_sobel_x
gradient covariance matrices: MVREG PREG LRF LRF_dx #LRF_dx = PREG
Aqr = sum(dxdx(x-9:x,+9, y,-9:y,+9]) = I . - )
_ LR o # Per-pixel gradient covariance matrices (pixel-wise OPs
ﬁ'z :ﬁmggﬁ%"_g;ﬂg’ g "_g'.y i3 +g}; ALUEW MUL  LRF_dx LRF_dx LRF_dxdx
22 YOYXom9:Xp S, VS ALUEW MUL  LRF_dx LRF_dy LRF_dxdy
Interruption from
NVPUto Cotex:M33 [+
- # Sum gradient covariance matrices into A1, Ar> and Az (ALU Tree)
Compute determinant of the MVREG LRF LRF_dxdx # SREG = LRF_dxdx

sum matrix using FP32 arithmetic: ALUTR ADD  GRF_AT1  x start=2 y_start=2 win_size=19
D= A *Az — Az * Arz; Diny = 1/D; MVREG LRF SREG  LRF_dxdy # SREG = LRF_dxdy
ALUTR ADD  GRF_A12  x_start=2y_start=2 win_size=19

# Store Ay, Arz and Az to Scalar DMEM for Cortex-M33 to read
SCST  GRF_addrl GRF_A11  #DMEM[addri] = A11

Cortex-M33 signals SCST GRF_addr2 GRF_A12 # DMEM[addr2] = A12
NVPU to start

Start iterative tracking

Compute b and by
di = (imGeur ~ iMGpre)[Xc-9:Xc+9, Ye-9:y+9]
by = sum(di * dx[x,-9:X,+9, yp-9:y,+9])
bz = sum(di * dylx-9:%,+9, y-9:y,*+9])

Interruption from
NVPU to Cortex-M33

# Load current image window (19x19) centered around (xc, yc)
LD2D  IMGTAB_imgcur INT8  GRF_xc GRF_yc
MVREG SREG LRF  LRF_cur #LRF _cur=SREG

# Compute difference between current and previous images
ALUEW SUB  LRF_cur LRF_pre LRF_di

# Compute per-pixel di * dx and di * dy

ALUEW MUL  LRF_di LRF_dx
ALUEW MUL  LRF_di LRF_dy

# Sum per-pixel di * dx and di * dy into b; and b,
MVREG LRF  SREG LRF_b1 #SREG =LRF b1

Update the feature under tracking
Using FP32 arithmetic:
fdy = (As2* by = Ar1 * b2) * Diny;
fdy = (Ar2* bz~ Ao * b1) * Din;
Xo - = fdy; y. - = fdy;

LRF_b1
LRF b2

Cortex-M33 signals NVPU to start

z
5

Stopping criteria met? ALUTR ADD  GRF_b1 X_start=2 y_start=2 win_size=19
pping ! MVREG LRF  SREG LRF_b2 #SREG = LRF_b2
ALUTR ADD  GRF b2  x start=2y_ start=2 win_size=19

Yes

# Store b, and b to Scalar DMEM for Cortex-M33 to read
SCST GRF addrl GRF.b1  #DMEM[addr] = b
SCST GRF addr2 GRF b2 #DMEM[addr2] = b2

featureculi] = (Xe, ye); i++;
Go to the next feature in the list

[J€ program on Cortex-M33 NVPU assembly program

Fig. 9. Mapping sparse LK flow to Cortex-M33 and NVPU ISA.
ACTO # 1x1 convolution for ACT1
—————————— CONV(
| Batch Norm. : ker_size =1, ......
! ! ia_addr = ACTO, ia_depth = 32, ia_stripe = 2, ......
: | oa_addr = ACT1, oa_depth = 64, ......
| ReLU b
______ ACT2 ! | # Fused batch norm. and ReLU for ACT2
[ Sy - | BNRL(
Il 3x3 Conv, ic=32, : ia_addr = ACTO, ia_depth = 32, ......
: 0c=64, stride=2 \ oa_addr = ACT2, oa_depth = 32, ......
1x1 Conv, | | ]
ic=32, | Batch Norm ! # Fused convolution, batch norm. and ReLU for ACT3
oc=64, || ©L-)conv_RL(
stride=2 | ! ! ker_size =3, ......
: RelLU : ia_addr = ACT2, ia_depth = 32, ia_stripe = 2, ......
__________ oa_addr = ACT3, oa_depth =64, ......
ACT3 )
Il 3x3 Conv, ic=64, : # Fused convolution and residual addition for ACT4
: 0c=64, stride=1 |-~ CONV_RS(
| | ker_size =3, ......
ACT1 | » | ia_addr = ACT3, ia_depth = 64, ia_stripe =1, ......
I Addition | res_addr = ACT1, ......
—————————— oa_addr = ACT4, oa_depth =64, ......
ACT4 )

Fig. 10. Mapping full pre-activation residual block to NVPU ISA.

by Cortex-M33. For each feature, Cortex-M33 first signals
NVPU to compute A, Ajp, and Ay, forming a matrix by
summing the previous frame’s per-pixel gradient covariance
matrices within the local window (19 x 19 in this example)
around the previous frame feature position (x, and y,). With
the results, Cortex-M33 further computes the determinant D
of that matrix and its reciprocal. Then, iterative tracking of the
feature starts. In each iteration, Cortex-M33 signals NVPU to
compute b; and b, based on the gradients of previous frame
and the difference between the previous and current frame.
Following that, Cortex-M33 computes the displacements fd,
and fd, and updates the current frame feature position (x.
and y.). At the end of each iteration, Cortex-M33 checks if
stopping criteria have been met and decide whether to continue
tracking or proceed to the next feature.

Fig. 10 shows an example of how a variation of the full
pre-activation residual block [39] in ResNet [40] is mapped
to NVPU’s NN layers, which is the main building block of
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Minimal memory size and area cost
(2 Poor performance: Sequential image
input/output and computation

 High performance: Pipelined image inputioutput and computation
( High buffer area overhead: 2x memory needed for buffering 1x data
( Poor flexibility: Data copy is required for multi-frame buffering

Image-Activation Input Image-Activation Output
£ Scratch-Pads. S 2 P‘Sﬁ By"elr Scratch-Pads ng Byffe‘r E
ELC_) (Physical Blockx4) | € @ glog:'ff' (Physical Block x4) émcyks'f:' g
= g < Input I Output e
2 3 2 Pong Buffer Ping Buffer 3
£ 2 = (Physical (Physical a2
WYY @ Block x1) DAY Block x1) ¢
(a) (b)
High performance: Pipelined image input/output and computation (- Low buffer area overhead: 1x memory for 1x data
High flexibility: Buffers can be re-purposed for i iate results; multi buffsrmg has no latency overhead
[ it e 1
: frame i Image Activation Scratchpads | \ PhySICa| Physical }
7777777777 |
L UPhysical 1| | Physical | t | e B'°°k° B'°°k3 ! °
|17 =5=||| Blockt: 'l || Blocka: } o e | k4 | y €
I Input ||| frame i-1 | | frame i-2 || || Output | | 5 } Physical Physlcal I @
|} Buffer: ||| _ " | |[TT T } Buffer: | | Achieved E | Iock1 BIockA ‘ %
|‘ Physical | Ph | Physical i Physical | | through < ‘ g
|1 Blocko | | Physca | | Physica |1 ocks. | MUX-based & ‘ 3
,,,,, | Block ! I Blockd ||IL 2274 "based - g S
| | | re-routing \ Physlcal Physlcal | 7
| |?n;g; Seto| |image Set' | — ! B'°°k2 B'°°k5 ;
| 3 3 : 777777777
| Feature Tlacking ior frame -1 |
| Image Set0 Image Set1
| Swapping Physical |
| Block 0 and 3 - |
| frame i+1 \rrlage;AitiZation ‘SfritTEais frame i+2 “‘T‘fg,e,Aiﬁiamn ‘Sfrit(iniais |
| Physical | Physical | Physical | Physical | |
| ‘——L——‘ } Blockt: || || Blocko: | SIS S S { Blocks: || || Blocko: | ‘——[——‘ |
| | Input | \framel1 | frame i 1L Output } I Input } | frame l+1 | frame i | Output I
I Buffer: | ::::: ponun || - Qo | ::::: || |
| } Physical | ——— S } Physical | } Physical | —— —— } Physical | |
|'| Block3 \ } ysical \ ‘ ysical \ | Blocks || Blockt | ‘ ysical \ ‘ ysical \ | Blocks ||
| T Block2 \ ‘ Block4 \ ,,,,,,,,,, } Block2 \ ‘ Block4 \ ,,,,, Y
| I?n;gg §e?0 I?n;gg geﬁ I?w;gg §e?0 I?n;gg §e?1 |
7 S 7 S Physical 'S 7 S
' 3 2 Block 3 and 1 3 R '
| NVPU: NVPU: |
| Feature Tracking for frame i Feature Tracking for frame i+1 |
| Example: The Block-Swapping Scheme for Input Image Buffering in Feature Tracking |
_____________________________________
(c)
Fig. 11. Different buffering schemes for image input/output. (a) No buffering

for image input/output. (b) Ping-pong buffering for image input/output.
(c) Proposed block-swapping-based buffering for image input/output.

DroNet [15] for collision avoidance. Layer fusion between
convolution and NN SIMD units is exploited in this case.
Without fusion, the block requires seven layers to be com-
puted with the storage of eight intermediate feature maps in
IAMEM. Through using fusion layers (BNRL, CONV_RL,
and CONV_RS), only four layers need to be computed with
the storage of five intermediate feature maps. For a 24 x 24 x
32 input feature map (ACTO), the memory footprint required
for the residual block can be reduced by 30% with layer fusion,
from 90 to only 63 kB.

IV. ON-CHIP MEMORY SYSTEM OPTIMIZATIONS
A. Efficient Image Buffering Through Block Swapping

The design of input/output buffering is critical to the per-
formance of vision processing systems. In Fig. 11, various
buffering schemes for image input/output are compared. In the
case of no buffering [Fig. 11(a)], minimal area cost can be
achieved, but this leads to suboptimal performance due to the
sequential execution of image input/output and computation.
As illustrated in Fig. 11(b), ping-pong buffering addresses the
performance issue by enabling parallel or pipelined image
input/output and computation, a popular choice for conven-
tional vision processors. However, this approach has inherent
limitations. First, ping-pong buffering demands twice the
amount of buffer memory to store a single piece of data,
constituting a substantial area overhead. Second, buffer address
space is typically isolated from that of the scratchpads, ren-
dering buffers incapable of being repurposed for intermediate
results. Furthermore, in vision tasks, such as feature tracking,
there is a requirement to buffer and access multiple frames
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for computation. With ping-pong buffering, frames already
buffered must be copied elsewhere to enable their reuse in
subsequent computations and to free up buffers for incoming
frames. This introduces significant latency overhead.

To overcome these limitations, we propose a unified
IAMEM architecture with block-swapping-based buffering,
where separation of buffer and scratchpad address spaces is
only logical but not physical. Depicted in Fig. 11(c), it consists
of physical memory blocks that can be swapped through
MUX-based re-routing to any of the logical blocks in a single
cycle. Specifically, for the RoboVisio test chip, six blocks are
implemented. Logical block 0 is dedicated to input buffering,
and logical block 5 handles output buffering, while the other
four form two image sets that can be accessed simultaneously.
Compared with the case of no buffering, this scheme enables
pipelined image input/output and computation with a cost
of only one memory block for either input or output. This
represents a cost reduction by half compared with ping-pong
buffering. This flexible scheme further avoids data copying in
multi-frame buffering and allows buffers to be re-purposed for
intermediate results. Fig. 11(c) illustrates the block swapping
for feature tracking, where two frames (previous and current)
need to be retained in the scratchpads. As NVPU processes
frame i — 1 and i —2, frame i is streamed into the input buffer.
Once both the processing and streaming are completed, frame
i —2 is no longer needed, and a swapping of physical blocks
0 and 3 is issued. Frame i then stays in the scratchpad and is
ready for processing, while frame i 4 1 begins to be streamed
in. After feature tracking for frame i is completed and frame
i + 1 is fully streamed, frame i — 1 is no longer needed.
A swapping between physical blocks 3 and 1 is issued, and
frame i 41 is moved to the scratchpad, while frame i 42 starts
to be streamed in.

B. MRAM Read Activity Minimization for CNN Inference

On-chip MRAM has emerged as a highly promising solution
for retentive data storage in resource-constrained Internet of
Things (IoT) devices [41], [42], [43], [44], mainly attributed
to its ability in offering significantly higher area density than
SRAM (~2x), while also delivering decent read speed (max-
imally ~8-Gb/s bandwidth for the macro used by RoboVisio).
In 22-nm CMOS, MRAM also provides >35% lower leakage
power per bit than SRAM. However, MRAM circuits require
a specific I/O voltage domain, ranging from 1.6 to 3.6 V. This
characteristic gives rise to a notable dynamic power overhead,
making MRAM read expensive in terms of energy. In fact, the
energy per bit for MRAM reads can exceed that of SRAM
by >10x. Unfortunately, in SCM, weights are not stationary,
and new weights must be streamed into the array every cycle
to maintain full utilization. Thus, directly supplying weights
from MRAM to NVPU leads to 100% MRAM read activity
and high MRAM read power.

As depicted in Fig. 5, RoboVisio employs SRAM-based
ping-pong weight buffers between MRAM and NVPU, where
weights can be potentially reused, and MRAM might be read
only intermittently. However, adding weight buffers alone does
not help if the CNN loop order is suboptimal. When the loop
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MRAM Read w/ | oax=0,0ay=0~23 | oax=0, oay=24~4

Sub-Optimized
Loop Order

for (oax = 0; oax < 48; oax++) {
for (oay = 0; oay < 48; oay += 24) {

PRI S, o, . ™ for (oc = 0; oc < 64; oc += 16) {
Systolic Input ™ - MAC over all ICs and filters
& Convolution| _~—~ 2 S }
| [ } No weight re-use:
Shifting Output|

Bt St 5 :
&BN/Res/RelU| 'fﬁ o 7— } MRAM has to be always active

Sub-Optimized CNN Loop Order
Fully-Pipelined Systolic CNN Mode Scheduling ~95x MRAM Read

oc[o:15] | I 0C[48:63] l oc[o:15]
==L = =T

MRAM Read | oc=0~15 | oc=16~31 Activity Reduction
I
w/ Optimized [ 0C[0:15] | OC[16:31] IDLE | OCB247]  IDLE  for (oc = 0; oc < 64; oC += 16) {
Loop Order N for (oax = 0; oax < 48; oax ++) {

for (oay = 0; oay < 48; oay += 24) {
MAC over all ICs and filters
}
} Weights of 16 OCs can be re-
used for all the inner loops!

Optimized CNN Loop Order

Systolic Input
& Convolution| """

Shifting Output
& BN/Res/ReLU

Fully-Pipelined Systolic CNN Mode Scheduling

Fig. 12. MRAM read activity minimization with optimized CNN loop order.

2.56 mm RoboVisio Specifi
i Application Classic and CNN Vision Tasks
PP for Micro-Robot Navigation
Technology 22nm CMOS
IAMEM Die Area 8.76mm?
¥ SRAM 1428kB
Image : On-Chip NVM 2MB MRAM
> Iy n-Chi
Interface : d
and SPI Logic core VDD (0.8V nominal),
Voltage SRAM core VDD (0.8V nominal),
D 9 MRAM core VDD (0.8V nominal),
lomains

MRAM /0 VDD (2.5V nominal),
PAD /0 VDD (2.5V nominal),

Neural Vision

Core Voltage

—342mMm—

: i R 0.5~1.0V
: [Cortex Processing ange
i oS Unit (NVPU) 'lORVoItage Tosaav
SUb: ange
o Ffeunency 56kHz ~ 190MHz
ange

Fig. 13. Die photograph and specifications of RoboVisio.

for output channels is placed as the innermost, as illustrated in
Fig. 12 (top), the computation must iterate through all output
channels before advancing to the next feature map region.
Consequently, weights in the buffers cannot be reused, and
MRAM is still read with 100% activity. MRAM bandwidth
also becomes a limiting factor for computation throughput.
As Fig. 12 (bottom) shows, RoboVisio addresses the challenge
with an optimized loop order, where the loop for output
channels is placed as the outermost. This enables the reuse
of weights across 16 output channels for a complete output
feature map, allowing MRAM to be read only once before the
inner loops start. Following this initial MRAM read, weights
are streamed from the buffer, and MRAM can remain inactive.
Theoretically, this loop order minimizes MRAM read activity
based on the SCM data flow. For the specific layer sizes in
Fig. 12 (96 x 96 x 16 input to 48 x 48 x 64 output with
3 x 3 filters), the optimized loop order leads to almost 95x
reduction in MRAM read activity, which has the potential to
significantly decrease MRAM dynamic power.

V. MEASUREMENT RESULTS

RoboVisio is implemented and fabricated in a 22-nm CMOS
technology supporting embedded MRAM devices. Fig. 13
shows the die photograph and specifications of RoboVisio.
It has a silicon footprint of 3.43 x 2.56 mm with an area of
8.76 mm?. It has 2-MB MRAM and 1428-kB SRAM in total.
Clock is supplied through an on-chip clock generator using a
configurable ring oscillator and a configurable clock divider.
The chip has five voltage domains: the logic core VDD for
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Fig. 14. Measurement setup for RoboVisio.
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Fig. 15. Area and power breakdown of RoboVisio.

logic gates and SRAM peripherals (0.8-V nominal), the SRAM
core VDD for bit cells (0.8-V nominal), the MRAM core VDD
(0.8-V nominal), the MRAM 1I/O VDD (2.5-V nominal), and
the pad I/O VDD (2.5-V nominal).

Fig. 14 shows the measurement setup for RoboVisio. The
die uses the ceramic pin grid array (PGA) package. Sub-
Miniature version A (SMA) cables and connectors are used
for supplying voltages. SMAs are also used for supplying
external debugging clock and for observing the on-chip clock
through an oscilloscope. Level shifter chips are used to convert
between standard I/O voltages (3.0/3.3 V) and RoboVisio’s
pad I/O voltage. The setup employs FTDI bridge boards
that convert universal serial bus (USB) to general-purpose
input/output (GPIO), enabling the host computer to directly
and conveniently control RoboVisio through simple applica-
tion programming interfaces (APIs) in Python. An FT2232H
USB-GPIO bridge is used to emulate the imager that sends
pixels to the RoboVisio’s image interface using the VGA-like
protocol. FT232H USB-GPIO bridges are used for the main
process to control clock and reset I/Os, MRAM 1/Os, and SPI
I/0s. A logic analyzer is further automated to capture printed
messages from the ARM Cortex-M33 core through a custom
clocked interface (one character per cycle), making the testing
of RoboVisio more interactive.

Fig. 15 shows the area and power breakdown of RoboVisio.
Notably, we observe that the 2-MB MRAM occupies a similar
area to that of the 936-kB TAMEM, highlighting MRAM’s
impressive area density, ~2x that of SRAM. The power break-
down is measured from a realistic scenario where RoboVisio
attains high CNN energy efficiency during iterative execution
of a convolution layer at 0.5-V core voltages, 1.6-V MRAM
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VGA Image from the EuRoC dataset with 87
Harris corners detected @ Quality-Level = 0.03

Fig. 16. Demonstration of Harris corner feature detection using RoboVisio.
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Fig. 17. Voltage, frequency, and efficiency scaling for VGA stereo matching.

I/O voltage, and 16 MHz. By employing the MRAM read
activity minimization technique, the MRAM I/O domain only
consumes ~10% power. Otherwise, as will be discussed in
Section V-B, MRAM can consume comparable or even higher
power than logic and significantly degrade energy efficiency.
In contrast, the MRAM core and SRAM core domains each
consume only less than 1% of the total power.

A. Measurement Results for Classic Vision Tasks

Fig. 16 demonstrates Harris corner feature detection using
NVPU’s IPM. We apply feature detection to a VGA machine
hall scene image from the EuRoC dataset [45], which is spe-
cialized for testing algorithms used in autonomous navigation,
such as SLAM. In this experiment, we set the quality level
to be 0.03, which signifies that only pixels with Harris corner
scores >0.03x the maximum score are identified as features.
As a result, 87 features are detected and highlighted in yellow
circles. These features predominantly correspond to visually
sharp corners within the scene and are well suited for feature
tracking required by tasks, such as SLAM.

Fig. 17 shows the voltage, frequency, and energy efficiency
scaling of RoboVisio when executing stereo local matching on
VGA images using IPM. As IPM does not require MRAM,
the measured power and energy efficiency for classic vision
tasks do not include MRAM power. To calculate the energy
efficiency of stereo local matching, the energy for processing
a frame is first divided by the number of pixels in the
frame. The result is then divided by the depth level (64 for
the experiment). IPM frequency scales almost linearly with
core voltages, and energy efficiency gets worse, as core
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TABLE I
SUMMARY OF DRONET PERFORMANCE AND EFFICIENCY

Application
NN Architecture

Learning-based Collision Avoidance
ResNet-8 variant with
full pre-activation residual blocks

Input Size 200200
Output P,o11: collision probability
(Regression results) Osteer: steering angle to avoid collision
Accuracy Collision classification accuracy: 95.4%

(from [15]) Steering angle regression RMSE: 6.25°
337KB pre-trained model (8-bit quantized)
mapped fully on MRAM
53fps, 2.6mW and 49.06pd/frame,

@ 0.52V Core, 1.6V MRAM I/O and 18MHz
554fps, 78.38mW and 141.5uJ/frame,
@ 1.0V Core, 1.6V MRAM I/O and 187MHz

Parameter Size

Best Efficiency
on RoboVisio
Highest Performance
on RoboVisio

voltages increases. In IPM, RoboVisio can operate at a lowest
0.5-V core voltage with a maximum frequency of 14 MHz
and a highest 1.0-V core voltage with a maximum frequency
of 180 MHz, where a peak IPM performance of 207 GOPS
(16-bit OP) is achieved. For the primary classic vision tasks,
RoboVisio achieves 0.22 nJ/pixels and 50 frames/s for VGA
Harris corner feature detection at 0.52 V and 20 MHz,
0.22 nJ/pixels and 23 frames/s for VGA sparse LK flow
(with <100 features per frame) at 0.52 V and 20 MHz, and
0.055 nl/pixels and 10 frames/s for VGA stereo local matching
at 0.62 V and 50 MHz.

B. Measurement Results for CNN

First, end-to-end CNN inference on RoboVisio is evaluated
using DroNet [15], a ResNet-8 variant for learning-based
collision avoidance where the full pre-activation residual
blocks [39] discussed in Fig. 10 are used. Table II provides a
summary of DroNet performance and efficiency when exe-
cuted on RoboVisio. The input image size for DroNet is
200 x 200. DroNet produces regression results: the collision
probability P, and the steering angle 6Oy, Which guides
robot motion to avoid obstacles. The floating-point DroNet
model [15] achieves 95.4% accuracy for collision classifica-
tion and 6.25° root-mean-square error (RMSE) for steering
angle regression. With 8-bit quantization, 16-bit MAC, and
full support for tuning per-tensor decimal point positions,
RoboVisio is expected to achieve less than 0.2% loss for those
metrics, according to post-training quantization accuracy of
ResNet from [46]. Parameter size of the 8-bit DroNet model
is 337 kB, which can be fully mapped onto the on-chip
MRAM. For the best DroNet energy efficiency, RoboVi-
sio achieves 49.06 pJ/frame at 0.52-V core voltages, 1.6-V
MRAM TI/O voltage, and 18 MHz, with 53 frames/s and
2.6 mW. For the highest performance, RoboVisio reaches
554 frames/s at 1.0-V core voltages, 1.6-V MRAM 1/O volt-
age, and 187 MHz (dual-cycle MRAM read), with 78.38 mW
and 141.5 wl/frame. Table III further details the sparsity,
latency, and energy efficiency breakdown for DroNet layers at
0.52 V and 18 MHz. RoboVisio attains the highest per-layer
efficiency of 3.01 TOPS/W (16-bit OP) for a CONV_RS layer.
Overall, RoboVisio achieves 1.69 TOPS/W (16-bit OP) for
DroNet inference at 0.52 V and 18 MHz.
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TABLE III
SPARSITY, LATENCY, AND EFFICIENCY BREAKDOWN FOR DRONET LAYERS

Layer Input Size Ouput Size k, s TInput Activation Sparsity | Weight Sparsity | Latency | Eff. (16-bit OP)

1 CONV (200, 200, 1) (100, 100, 32) | 5x5,2 0.03% 4.25% 3.17ms 1.39TOPS/W
2 POOL_MAX (100, 100, 32) (49, 49, 32) 3x3,2 7.47% N/A 2.90ms 0.12TOPS/W
3 CONV (49, 49, 32) (25, 25, 32) 1x1,2 7.31% 6.54% 0.28ms 1.15TOPS/W
4 BNRL (49, 49, 32) (49, 49, 32) N/A 7.31% N/A 0.27ms 0.25TOPS/W
5 CONV_BNRL (49, 49, 32) (25, 25, 32) 3x3,2 57.97% 73.78% 1.66ms 2.719TOPS/W
6 CONV_RS (25, 25, 32) (25, 25, 32) 3x3,1 85.56% 62.0% 1.66ms 2.70TOPS/W
7 CONV (25, 25, 32) (13, 13, 64) 1x1,2 6.01% 6.88% 0.15ms 1.11TOPS/W
8 BNRL (25, 25, 32) (25, 25, 32) N/A 6.01% N/A 0.09ms 0.20TOPS/W
9 | CONV_BNRL (25, 25, 32) (13, 13, 64) 3x3,2 78.24% 85.81% 0.87ms 2.89TOPS/W
10 CONV_RS (13, 13, 64) (13, 13, 64) 3x3, 1 95.46% 78.65% 1.73ms 3.01TOPS/W
11 CONV (13, 13, 64) (7,7, 128) 1x1,2 6.33% 3.04% 0.22ms 0.87TOPS/W
12 BNRL (13, 13, 64) (13, 13, 64) N/A 6.33% N/A 0.05ms 0.24TOPS/W
13 | CONV_BNRL (13, 13, 64) (7,7, 128) 3x3,2 89.12% 95.18% 1.85ms 1.74TOPS/W
14 | CONV_RSRL (7,7, 128) (7,7, 128) 3x3, 1 96.46% 98.43% 3.69ms 1.71TOPS/W
15 FCL 6272 1 N/A 98.95% 59.47% 0.10ms 0.04TOPS/W
16 FCL 6272 1 N/A 98.95% 60.25% 0.10ms 0.04TOPS/W

Overall N/A N/A 18.8ms 1.69TOPS/W

TThe input activation sparsity shown here is from the specific input in Fig. 18.

P2y from Chipi=i99.998795%
Peon from Tengprﬂow =99.999437%
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Fig. 18.
RoboVisio.

Demonstration of DroNet-based collision avoidance using

Fig. 18 presents a demonstration of DroNet using RoboVi-
sio, where the robot is approaching a car, leading to a potential
collision. The result from TensorFlow (floating-point software)
and the result from RoboVisio both give >99.99% collision
probability, with <0.001% numerical difference. Furthermore,
they both suggest steering angles that direct the robot leftward
to avoid the collision, with only <1° numerical difference.
These minute numerical differences have negligible impacts
on the robot’s motion.

We further assess RoboVisio’s peak SCM energy efficiency
using a synthetic convolution layer. To maximally utilize the
PE array, we configure the layer with 48 x 48 x 32 input,
24 x 24 x 32 output, and 3 x 3 filters. In addition, the layer
is set with 80% weight sparsity, 50% input activation sparsity,
and random input values. According to Table III, the chosen
sparsity levels are significantly lower than those observed
in DroNet’s sparsest convolution layer (layer 14). Therefore,
the synthetic layer serves as a conservative estimation of
the maximally achievable energy efficiency under realistic
scenarios. Fig. 19 shows the voltage, frequency, and energy
efficiency scaling for this experiment. The measured power
and energy efficiency for CNN include MRAM powers, with
1.6-V MRAM T/O voltage. In SCM, RoboVisio can operate at
a lowest 0.5-V core voltage, achieving a maximum frequency
of 16 MHz and an energy efficiency of 3.5 TOPS/W (16-bit
OP). At the highest 1.0-V core voltage, it reaches a maximum

Efficiency (16-bit OP) Scaling for Convolution Laye‘{

3.4mWw, Measured including
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= @ 0.5V, 16MHz @1.svmramio 135 =
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Fig. 19.
sparsity).

Scaling for a convolution layer (80% wt. sparsity and 50% act.

frequency of 190 MHz, delivering a peak SCM performance
of 146 GOPS (16-bit OP). Due to the constant MRAM 1/O
voltage, the scaling of SCM frequency demonstrates less
linearity than that of IPM. SCM energy efficiency gets worse,
as core voltages increases.

Fig. 20 shows measurement results for RoboVisio’s CNN
weight memory system, including MRAM and ping-pong
weight buffers. The figure illustrates the effect of the
MRAM read activity minimization technique introduced in
Section IV-B. MRAM read powers are measured at 1.6-V
MRAM I/O voltage with varying MRAM core voltages (0.7,
0.8, and 0.9 V). Corresponding powers for SRAM-based ping-
pong weight buffers are obtained from the SRAM compiler.
To characterize the power of the weight memory system
without optimizations, MRAM read power at 100% activity
is measured through continuously reading the MRAM using
Cortex-M33. Power for the weight memory system employing
the activity minimization technique (the case for RoboVisio)
is measured during iterative execution of a convolution layer
(48 x 48 x 32 input, 24 x 24 x 32 output, and 3 x 3 fil-
ters) with fully dense and random weights. Across different
core voltages, frequencies, and read cycles, significant power
reductions are observed. Notably, at the nominal 0.8-V core
voltage and 110 MHz with dual-cycle MRAM read, the pro-
posed technique achieves an 75% reduction in overall weight
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TABLE IV
CHIP SUMMARY AND COMPARISON WITH STATE-OF-THE-ART
VLSI *17 [20] | JSSC *19 [16] ISSCC "19 [27] ISSCC "21 [41] JSSC °22 [47] JSSC °23 [44] TISSCC "23 [48] This work
Techonology 28nm CMOS 65nm CMOS 22nm FDSOI 22nm FDSOI 40nm CMOS 22nm FDSOI 22nm FDSOI 22nm CMOS
Edee NN Classic and CNN
I Multi-View Visual-Inertial Image IoT NN & TIoT ML IoT Artificial Vision Tasks
Application = Inference and - . - N
Depth Odometry Processing Inference . . Inference Intelligence for Micro-Robot
Weight Tuning -
Navigation
. . . . Systolic Hybrid Systolic
Processing Dedicated Dedicated Streaming-based CMP and NN Convolution 2D SIMD CMP and NN ID-Mappin
Architecture Accelerator Accelerator CGRA Accelerator PE Array Accelerator pping
PE Array PE Array
- General Purpose.
e Not Not Only for Image General Purpose General Purpose General Purpose L
Programmability Programmable | Programmable Processing and NN Only for NN and ML and NN Imag:nﬁr(&c;ssmg
Die Area 5.96mm? 20mm? 4.9mm? 12mm? 29.2mm? 6.25mm? 18.7mm? 8.76mm?
SRAM 582.5kB 854kB 690kB 1728kB 0.5MB 708kB 1152kB 1428kB
On-Chip NVM N/A N/A N/A 4MB MRAM 2MB RRAM 0.5MB MRAM N/A 2MB MRAM
Voltage 0.9V 1.0V 0.8V 0.5 ~ 0.8V 1.1V 0.4 ~ 0.9V 0.5 ~ 0.8V 0.5 ~ 1.0V
Max. Frequency 300MHz 62.5MHz 220MHz 450MHz 200MHz 150MHz 420MHz 190MHz
Power 380mW 24mW 10.7 ~ 101.4mW | L.7uW ~ 49.4mW 126mW 1.7uW ~ 20mW | 12.8mW ~ 123mW | 468uW ~ 158mW
7122GOPS
4 s
Peak Not Reported | 259.1GOPS 3145GOPS 32.2GOPS 1920GOPS 417.6GOPS 5637GOPS 3207GOPS
Performance (NN Accelerator)
(NN Accelerator)
1.G1.7TOPS/W, :
4,6 > 3,7
NN Inference N/A N/A Not Reported L3TOPS/W | 4.6 )TOPS/W | 462.5TOPS/W | 5O124TOPSIW | 5 5o OPS/W.
Efficiency (NN Accelerator) »°3.01TOPS/W
(NN Accelerator)

8-bit results are inferred from Fig. 22.1.3 and Fig. 22.1.5 of [48]. ?Arithmetic precision not specified. 316-bit MAC. %8-bit MAC. 92-bit MAC.
SSparsity not specified. 780% weight sparsity and 50% input activation sparsity. SHighest per-layer energy efficiency for DroNet inference on RoboVisio.
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memory system power. Intriguingly, after activity minimiza-
tion, MRAM read power is reduced to a comparable level as Fig. 21. Evaluation of the complete vision pipeline for micro-robot

that of the SRAM-based weight buffers.

C. System Evaluation for the Navigation Vision Pipeline

As Fig. 21 shows, we further evaluate a complete vision
pipeline in a micro-robot autonomous navigation system on
RoboVisio. The non-vision workloads are expected to be
executed off-chip. The vision pipeline employs Harris corner
for feature detection, sparse LK flow [11] for feature tracking,
stereo local matching for depth estimation, and DroNet for col-
lision avoidance. Feature detection and tracking process VGA
input images, which are cropped to quarter VGA (QVGA)
images for stereo local matching and 200 x 200 images for
collision avoidance. Cropping can be supported by IAMEM
load and store without energy and latency overhead. RoboVisio
is setup at 0.65-V core voltages, 1.6-V MRAM I/O voltage,
and 55 MHz for this evaluation. As 3-D mapping does not
necessarily require dense depth for every frame, two different
scenarios are measured: the mapping frames that compute
depth, and the non-mapping frames that do not compute

navigation.

depth. For mapping frames, 20 frames/s can be achieved with
10.2-mW power and 517-uJ/frame energy efficiency. For non-
mapping frames, 34 frames/s can be achieved with 8.4 mW and
249-uJ/frame energy efficiency. In a more realistic scenario
where depth is only computed at 5 frames/s (with the other
tasks at 20 frames/s), RoboVisio power is estimated to be only
6.3 mW. This suggests that for vision tasks in micro-robot
autonomy, the sub-10-mW power target can be successfully
met using RoboVisio. Fig. 21 also provides the energy and
latency breakdown for the four vision tasks, where stereo local
matching emerges as the bottleneck in both performance and
efficiency. Out of the four tasks, only sparse LK flow involves
the use of Cortex-M33 sub-system. The sparse LK flow energy
and latency breakdown for NVPU and Cortex-M33 sub-system
are shown in Fig. 21 (left).

To further provide on-chip support for the entire micro-robot
navigation system, a future design can extend RoboVisio
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TABLE V
COMPARISON FOR CLASSIC VISION TASKS

Feature Feature Dense Depth
Detection Tracking Estimation
. 0.37nJ/pix, 0.18mW, 2.43nJ/pix, 0.62mW,
| 4.36nJ/pix, 0.18mW, 1.53fps VGA, 0.013fps VGA,
ARM 0.13fps VGA, .
h sparse LK flow stereo local matching
Cortex-M33 Harris corner < . ! -
@ 0.52V. 20MHz (< 100 features) (depth level = 64)
T @ 0.52V, 20MHz @ 0.62V, 50MHz
0.042nJ/pix,
VLSI *17 [20] N/A N/A 32(ps 2K,
stereo local
matching
20.33nJ/pix, 21.40nJ/pix,
s 71fps Wide-VGA 71fps Wide-VGA
Isscrio el (752x480), (752x480), N/A
Shi-Tomasi corner sparse LK flow
1.16nJ/pix,
ISSCC 19 [27] Not Reported 30fps VGA, Not Reported
dense LK flow
. 0.22nJ/pix, 1.6mW, 0.055n)/pix, 10.9mW,
0.22)512)Jt{p51x\,/(3}.imw, 23fps VGA, 10fps VGA,
This work Hargs corne’r sparse LK flow stereo local matching
(< 100 features) (depth level = 64)
@ 0.52V, 20MHz @ 0.52V, 20MHz @ 0.62V, 50MHz

TPost-APR simulation in 22nm. 2Energies calculated from Fig. 11 and Table III of [16].

to integrate additional blocks into the SoC. Specifically, for
tasks, such as SLAM backend, it would be necessary to
incorporate a linear algebra processor capable of computing
matrix de-compositions and general matrix operations (addi-
tion, multiplication, and so on), similar to the one proposed
in [22]. In addition, dedicated accelerators for specialized
functions, such as the ones for occupancy grid mapping [49]
and path planning [50], could be integrated to optimize the
overall efficiency and performance of the system.

D. Comparison With State-of-the-Art

Table IV provides a summary of RoboVisio and compares it
against state-of-the-art designs in terms of general properties
and edge ML performance. In addition, Table V extends the
comparison to encompass classic vision tasks, with ARM
Cortex-M33 serving as the baseline. RoboVisio stands out
by offering the broadest range of programmability, accom-
modating general-purpose processing, programmable image
processing, and NN inference. Despite its high flexibility,
RoboVisio demonstrates either superior or comparable energy
efficiency when compared with dedicated accelerators. For
CNN inference, RoboVisio achieves an impressive efficiency
of 3.5 TOPS/W (16-bit OP). Though RoboVisio uses 16-bit
MACs that exhibit considerably higher power than 8-bit
MAG:s, it outperforms state-of-the-art NVM-based ML SoCs
(all using 8-bit MACs) [41], [44], [47] by achieving energy
efficiency improvements ranging from 40% to 170%, showing
the potential advantage of RoboVisio’s architecture.

VI. CONCLUSION

This article introduces RoboVisio, a highly efficient and
flexible domain-specific SoC tailored for vision tasks in fully
autonomous micro-robot navigation. Addressing the four pri-
mary vision tasks sequentially executed in a navigation vision
pipeline, we propose a novel NVPU featuring a hybrid PE.
Classic vision tasks benefit from a 2-D-mapping architecture,
while CNNs are efficiently executed in an output-channel-
parallel systolic manner. By combining both processing
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schemes into a single PE array, our architecture ensures
future compatibility with CNN-heavy vision algorithms, while
saving 40% of area and leakage power compared with two
separate array implementations, without power overhead and
throughput loss. RoboVisio further optimizes energy and area
efficiency through several key features: 1) integration of 2-MB
MRAM for non-volatile fully-on-chip weight storage; 2) a
unified IAMEM with block-swapping-based image buffering
that reduces buffer size by 50% and eliminates data copy
for multi-frame buffering; and 3) a combination of weight
buffering and CNN loop ordering that reduces measured
weight memory system power by 75%. RoboVisio is fabricated
in 22-nm CMOS. For classic vision tasks, RoboVisio achieves
high energy efficiencies that rival dedicated accelerators. For
CNN inference, it achieves a highest efficiency of 3.5 TOPS/W
(16-bit OP), surpassing state-of-the-art NVM-based edge ML
SoCs by a remarkable 40%—170%.
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