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Three-dimensional integration offers architectural and performance benefits for
scaling augmented/virtual reality (AR/VR) models on highly resource-constrained
edge devices. Two-dimensional off-chip memory interfaces are too prohibitively
energy intensive and bandwidth (BW) limited for AR/VR devices. To solve this, we
propose using advanced 3-D stacking technology for high-density vertical
integration to local memory and compute, increasingmemory capacity within the
same footprint at iso-BWwith improvements in energy and latency. We evaluate 3-D
architectures for a prototype AR/VR accelerator to demonstrate up to 3.9� latency
reduction and 1.6� lower energy compared to a 2-D configuration within a smaller/
similar footprint. Additionally, we show the feasibility of deploying higher resolution
AR/VRmodels by stackingmultiple tiers of memory, providing a pathway to break the
footprint constraints of 2-D architectures. The use of high-density 3-D interconnects
allows us to demonstrate localized benefits at the accelerator-level compared with
standard system-on-chip memory disaggregation techniques/architectures.

The success of deep learning algorithms has led to
breakthroughs in using neural networks (NNs) for
state-of-the-art performance in augmented/vir-

tual reality (AR/VR) applications. Emerging artificial
intelligence (AI) and machine learning (ML)-enabled AR/
VR tasks include object detection, image segmentation,
eye and hand tracking, and depth estimation.1 Deploying
these NNs onto edge devices, such as AR glasses and
wearables, would enable a new paradigm of next-gener-
ation human interaction and computing.

Asmore AR/VRworkloads becomeNN-heavy, AI/ML
accelerators become the dominant energy consumer in
full-scale systems on chips (SoCs).2 The small form fac-
tors of these devices, however, impose stringent
demands on footprint, memory capacity, energy effi-
ciency for long(er) battery life and real-time processing

latency to enable a seamless and enjoyable user experi-
ence.1 Even with custom silicon chips highly optimized
for NN acceleration, over 50% of the total power goes to
memory accesses and strict power budgets make off-
chip dynamic random-access memory (DRAM) acce-
sses too prohibitively expensive for AR/VR devices.1

Additionally, given the tight footprint constraints,
2-D solutions are unable to continue scaling in the
X-Y directions to enable deployment of large AR/VR
NN models onto edge devices due to power, memory
capacity, and BW constraints.3 Three-dimensional
integration approaches have been proposed in recent
years to cope with device scaling challenges, including
micro-bumping, hybrid bonding, and monolithic 3-D
integrated circuits (ICs).4 In particular, hybrid bonding
enables high-density, fine-pitch 3-D interconnect inte-
gration by using face-to-face (F2F) bond pads to stack
2-D wafers. This enables higher density vertical inte-
gration, allowing for high BWs with low-energy and
low-latency access to local memory and computing.

In this article, we explore the design tradeoffs of
3-D stacked NN accelerator architectures for AR/VR
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workloads and highlight the improvements (energy,
latency) enabled by 3-D hybrid bonding within a smaller
or similar footprint to our 2-D baseline with no off-chip
DRAM accesses. Our key findings and objectives are as
follows.

1) Evaluate energy and latency improvements with
3-D stacked NN accelerator architectures: Using
3-D integration to increase activation memory
from 1 MB to 2–8 MB improves latency by
1.2–1.9� and energy by 1.1–1.4� for 31% smaller
footprint. For a slight footprint increase (38%
overhead), using 3-D stacking to increase activa-
tion memory from 1MB to 4–16 MB and the multi-
ply-accumulate (MAC) array from 1K to 2K results
in energy savings of 1.3–1.6� and latency reduc-
tion of 2.4–3.9� for depth estimation, denoising,
and super-resolution AR/VRNNmodels.

2) Enable deployment of larger AR/VR workloads in
edge devices: The ability to stack up to 16 MB of
activationmemory within a similar footprint to our
2-D baseline enables deployment of larger super-
resolution models (1,024 � 1,024 resolution) not
previously feasible with a 2-D form factor.

3) Explore the 2-D to 3-D design space with a prelimi-
nary modeling framework: The results show
greater benefits for a 3-D architecture design over
a 2-D folded into 3-D. The use of 3-D hybrid bond-
ing demonstrates localized benefits at the acceler-
ator-level compared with standard SoC memory
disaggregation techniques/architectures.

MOTIVATION
ChallengesWith AR/VRWorkloads
The key features of deploying AR/VR NNs onto edge
devices include 1) large activation memory footprints
due to high input/output resolution requirements, and
2) the need to support a wide set of convolution opera-
tions and different types of computer-vision-based AR/
VR models on a single accelerator for cost reasons.
Because of this, our evaluated prototypeMLaccelerator
is designedwith a scalable compute array tomeet frame
rate (FPS) requirements and support versatility to
deploy various AR/VR workloads. Given the large activa-
tion memory requirements, we model an accelerator
that is scaled-up from Sumbul et al.5 with an architec-
ture similar to Shao et al.6 using a distributed on-chip
buffer interspersed with compute units.

Even with a highly optimized accelerator targeting
AR/VRworkloads,memory accesses due to large activa-
tion memory requirements remain a challenge for meet-
ing energy and latency requirements. Since weights are
fixed during inference while activations differ for each

input sample, techniques such as quantization, pruning,
and retraining are often applied toweights only and acti-
vations are less likely to be compressed before runtime
leading to large activation memory footprints in edge
devices. Figure 1 illustrates a sweep of AR/VR workloads
with high heterogeneity across weight and activation
memory requirements, and how a few workloads (i.e.,
HRNet, Agg, denoising, and super-resolution) are more
activation heavy thanweight heavy.

THE USE OF HIGH-DENSITY 3-D
INTERCONNECTS ALLOWS US TO
DEMONSTRATE LOCALIZED BENEFITS
AT THE ACCELERATOR-LEVEL
COMPAREDWITH STANDARD
SYSTEM-ON-CHIP MEMORY
DISAGGREGATION TECHNIQUES/
ARCHITECTURES.

In particular, super-resolution becomes prohibitively
expensive as we scale up the resolution requirement in
Figure 2(a). With 4MB of on-chip activationmemory, the
external BW requirements grow super linearly with
increasing resolution.With 1,024� 1,024 resolution at 90
FPS, the BW requirement exceeds that of typical DRAM/
LPDDR4 peak BWof 16GB/s,making it infeasible to sup-
port larger super-resolution cases. This is particularly
challenging since classification accuracy, image fidelity,
and overall AR/VR user experiences improve with higher
resolutions, however, these networks typically need
tens to hundreds of MB of memory, necessitating off-
chip spilling to externalmemory.

Figure 2(b) demonstrates that if we were to increase
the internal static random-accessmemory (SRAM) to 8–
16 MB, this would alleviate the amount of off-chip spill-
ing and reduce the BW requirement to acceptable
ranges. The challenge with increasing internal SRAM
capacity in 2-D is the highly stringent footprint con-
straints of AR/VR use cases, especially for AR glasses or
wearables. A large central SRAM in 2-D would not only
be prohibitively area expensive but would cause wiring
density congestion and increase energy overhead
between the compute cores and SRAM.

Three-Dimensional Integration for
Increasing Activation Memory Capacity
and Scalability
To solve the footprint, BW, and scalability issues of
increasing on-chip activation memory, we propose using
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FIGURE 2. (a) External BW requirements for super-resolution at 4-MB activation memory, scaling resolution from 512�512 to

2,048�2,048; and (b) reduction of BW requirements as we increase local activation memory capacity for super-resolution at

1,024�1,024 image resolution.

FIGURE 1.Memory energy and latency breakdowns for AR/VRworkloads, from literature, running on a 2-DML accelerator baseline

architecture (1K MAC array, 1-MB activation memory). Classic object classification and detection models are not as activation-

heavy compared to depth estimation models (Agg, HRnet), denoising, and super-resolution. From the breakdown, we see a signifi-

cant portion of the total memory energy (�50%) is due tomemory spillage to the shared global memory for theseworkloads.
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3-D integration to increase the internal SRAM capacity
butwithin a similar X-Y footprint. Not only does 3-D stack-
ing mitigate the footprint and BW restrictions, it can
reduce both the latency and energy consumption with
much shorter wirelengths and high-density connections.

To illustrate this, we performed floorplanning experi-
ments for a large multibank SRAM design. Energy num-
bers were extracted from place-and-route experiments
using a 7-nm technology process design kit. Figure 3
shows for the same memory capacities compared with
2-D, we can achieve similar or lower energy accesses
due to shorter wirelengths going to 2- or 4-tier stacking
using F2F bondingwith hybrid bumps.When considering
the energy overhead costs of through-silicon vias
(TSVs), we start to see diminishing returns in stacking
more than 4 tiers when looking at the example of 4-tier
3-D stacking for 8 MB of capacity. This, however,
becomes closer in energy to the 2-D configuration aswe
scale up in capacity to 16–32 MB and we expect TSV
technology/overhead to improve over time.

For the purposes of our analysis, we explore the
energy versus footprint (memory capacity) design trade-
offs between the 2-D baseline, 3-D 2-tier, and 3-D 4-tier
configurations but constrain the design space to

footprints close to the 2-D baseline (scaling from 1–16
MB). While we also expect improvements in latency and
BWwith 3-D stacking, we pessimistically assume similar
latency and BW to the 2-D baseline SRAM accesses for
a conservative estimate for our analysis.

METHODOLOGY
ML Accelerator Analytical Model for 3-D
Stacking Simulation
Weuse an in-houseML accelerator simulator which pro-
vides estimation on a wide range of hardware metrics,
such as execution time (latency), energy, input/output
traffic, and resource utilization of our evaluated proto-
typeMLaccelerator runningAR/VRmodels. This analyti-
cal model-based simulator takes anMLmodel (i.e., from
PyTorch), extracts the operators, and calculates the
expected performance metrics based on TOPS and
energy tables based on the accelerator architecture.
While not cycle-accurate, the simulator has been inter-
nally verified with cycle-accurate simulations and is
used as a tool to provide early-stage performance esti-
mations to guide architectural design space trends and
decisions for differentMLmodels.

FIGURE 3. Read/write energy comparison for the same memory capacity (8–32 MB) split across 3-D tiers (2–4 tier partitions).3

Two-Tier 3-D access energy is lower than the 2-D equivalent due to shorter wirelengths but starts to increase or become iso-

energy to the 2-D configuration at 4 tiers due to TSV energy overhead.
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Three-Dimensional Stacked
Configurations
We configure the simulator to take in larger activa-
tion memories and account for energy overheads
going to expanded 3-D memories. Given DRAM
accesses are prohibitively expensive, we constrain
our workload choices to NNs that fit within the 32
MB shared SRAM accessed via the SoC network-
on-chip (NoC). Figure 4 illustrates the block dia-
gram of our setup.

With the goal ofmaintaining a similar footprint to our
2-D baseline, we swept the design space parameters in
Figure 5 with two key configurations: 1) use 3-D stacking
to achieve a smaller footprint and increase the activa-
tion memory to 2–8 MB; and 2) incur a small footprint
overhead (38%) to increase the MAC array to 2K and
stack from 4–16 MB of activation memory. This provides
a representative exploration to compare the design
tradeoffs between energy, latency, and footprint for dif-
ferent 3-D configuration options compared with our 2-D
baseline. Note we only consider the footprint of the ML
accelerator but include the energy of both local and
shared memory accesses. Our goal is to cut memory
spilling by increasing the local memory to reduce shared
memory accesses external to the accelerator.

RESULTS AND FINDINGS
The following sections outline the results from running
our ML simulator for AR/VR workloads suffering from

high activation memory requirements: depth estima-
tion (HRNet, Agg), denoising, and super-resolution.

Depth Estimation
Depth estimation enables 3-D experiences such as
augmented calling for AR glasses.3 Accurate per-pixel
depth prediction is critical for a natural and immersive
calling experience. The depth estimation pipeline con-
sists of two key NN models: High-Resolution Net
(HRNet)10 and 3-D aggregation (Agg).11

Figure 6 illustrates the energy and latency savings
for HRNet and Agg across the 3-D configurations com-
pared with the 2-D baseline. Focusing on the shared
memory energy and memory latency, we see that
increasing the local activation memory to 4 MB for
HRNet and 8 MB for Agg reduces the shared memory
accesses and consequently reduces thememory energy
and latency to negligible levels. Our simulator estimates
a total savings of�1.35� in energy and 1.4–2.6� latency
savings for HRNet, and a total savings of �1.45� in
energy and 1.6–3� latency savings for Agg.

Denoising
Denoising is another important workload for AR/VR
applications since image restoration is needed for a
seamless and enjoyable user experience and denois-
ing also helps improve detection rates given limited
sensor resolution.9 Increasing from 1 to 2 MB signifi-
cantly reduces shared memory accesses in Figure 7

FIGURE 4.ML accelerator simulator and model architecture setup based on a scaled-up version of the Sumbul et al.’s work5 with

distributed buffers. The local SRAM/buffers are scaled up to 16 MB for activations and the MAC array is scaled from 1K to 2K.

Since DRAM accesses are prohibitively expensive, we assume all memory accesses external to the accelerator come from the

shared global SRAM via the SoC NoC.
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FIGURE 6. Shared memory energy and compute/memory latency savings for depth estimation NNmodels. (a) HRNet and (b) Agg

normalized to our 2-D baseline. Reduction of spilling to shared memory to negligible levels occurs at 4 MB of activation memory

for HRNet and 8 MB of activation memory for Agg.

FIGURE 5. Three-dimensional configurations comparing to our 2-D baseline for 1) a smaller footprint, stacking 2 MB of activation

memory in the Z-direction up to 8 MB; and 2) increase from 1K to 2K MACs (38% footprint increase) to stack 4 MB of activation

memory up to a total of 16 MB in the Z-direction.
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due to the relatively small size of the model and we
see diminishing returns increasing the activation
memory beyond 2 MB. Our simulator estimates
�1.35� total energy savings and 1.4–2.8� total latency
savings going from 2-D to 3-D. If we are area-limited
and cannot stack beyond 2 MB, this is a good candi-
date workload that benefits from 3-D integration and
results in a smaller footprint than the 2-D baseline.

Super Resolution
Super-resolution in an AR/VR system is used to
upscale low-resolution images to improve image
quality.12 As shown in Figure 2, the ability to deploy
super-resolution models at higher resolutions is lim-
ited by the on-chip memory capacities and subse-
quently off-chip BW requirements for meeting FPS
requirements.

Figure 8 illustrates energy and latency improve-
ments for super-resolution at (512 � 512) and (1,024 �
1,024) resolutions. The sweet spot for reducing shared
memory accesses occurs at 8 MB for (512 � 512) and
16 MB for (1,024 � 1,024). This aligns with our observa-
tion from Figure 2 that going to 16 MB of activation
memory reduces the external memory BW require-
ments to acceptable ranges. Our simulator estimates
�1.45� total energy savings and 1.9–3.7� latency
reduction for super-resolution at (512 � 512), and 1.3–
1.6� energy and 1.6–3.8� latency reduction for super-
resolution at (1,024 � 1,024).

We note that super-resolution at (1,024� 1,024) reso-
lution would not have been previously deployable in this
footprint in 2-D, illustrating how 3-D integration enables
deployment of a largerNNmodelwithout incurring signif-
icant footprint overhead, while simultaneously improving
both energy and latency of the accelerator.

CONCLUSION
Table 1 summarizes our results from our proposed 3-D
configurations and the expected performance (energy,
latency) improvements and calculated footprints in 2-

FIGURE 8. Shared memory energy and compute/memory latency savings for super-resolution at (512 � 512) and (1,024 � 1,024)

resolutions normalized to our 2-D baseline. Optimal reduction of shared memory spilling occurs at 8 MB for (512 � 512) and

16 MB for (1,024 � 1,024).

FIGURE 7. Shared memory energy and compute/memory

latency savings for denoising normalized to our 2-D baseline.

Reduction of spilling to shared memory to negligible occurs

around 2 MB of activation memory and reaches diminishing

returns scaling to larger capacities.
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D and 3-D. Using a Figure of Merit (FoM) for energy-
footprint product (FoM 1), we note the optimal 3-D
configuration occurs at 3-D_1K_8M (smallest footprint
for 8-MB capacity). If latency is critical and we can
afford the additional 38% footprint overhead, using
FoM 2 for the energy-latency-footprint product results
in the optimal configuration at 3-D_2K_16M.

In summary, our proposed 3-D configurations for
increasing activation memory from 1 MB to 2–8 MB
improves latency by 1.2–1.9� and energy by 1.1–1.4�
for a smaller footprint (31% smaller), and for a slight
footprint increase (38% overhead), increasing activa-
tion memory from 1 MB to 4–16 MB and number of
MACs from 1K to 2K results in an energy reduction of
1.3–1.6� and latency savings of 2.4–3.9� for depth
estimation, denoising, and super-resolution AR/VR
models. Additionally, we show that super-resolution at
(1,024 � 1,024) resolution (not previously deployable in
2-D) can fit in a similar footprint with improvements in
both energy and latency.

For future work, we plan to expand the memory
capacities in both the X-Y and Z-directions to see the
point at which there are diminishing returns (TSV/foot-
print overhead). Additionally, we plan to integrate
DRAM access estimates to build a memory hierarchy
to analyze deploying larger AR/VR models.

ACKNOWLEDGMENTS
The authors would like to thank Daniel Morris, Ekin
Sumbul, Avishek Biswas, and William Koven of the Sili-
con Research Team at Reality Labs for their inputs on
this article. The authors would like to thank Rakesh
Ranjan, Meng Li, and Hyoukjun Kwon for support on
ML accelerator modeling. The work of Robert M. Rad-
way and Subhasish Mitra was supported by the
DARPA 3DSoC Program and the Stanford SystemX
Alliance.

REFERENCES
1. M. Abrash, “Creating the future: Augmented reality,

the next human-machine interface,” in Proc. IEEE Int.

Electron Devices Meeting, 2021, pp. 1.2.1–1.2.11.

2. S. Rabii et al., “Computational and technology

directions for augmented reality systems,” in Proc.

IEEE Symp. VLSI Circuits, Plenary, 2019.

3. E. Beign�e, “3D Stacking opportunities for augmented

reality hardware systems,” in Proc. IEEE DATE,

2022.

4. J. Kim, L. Zhu, H. M. Torun, M. Swaminathan, and S. K.

Lim, “Micro-bumping, hybrid bonding, or monolithic? A

PPA study for heterogeneous 3D IC options,” in Proc.

58th ACM/IEEE Des. Autom. Conf., 2021, pp. 1189–1194.

TABLE 1. Summary table.

2-D_1K_1M
(Baseline)

3-D_1K_2M 3-D_1K_4M 3-D_1K_8M 3-D_2K_4M 3-D_2K_8M 3-D_2K_16M

# of MACs 1K 1K 1K 1K 2K 2K 2K

Activation Memory 1 MB 2 MB 4 MB
(2 x 2 MB)a

8 MB
(4 x 2 MB)a

4 MB 8 MB
(2 x 4 MB)a

16 MB
(4 x 4 MB)a

2-D Footprint b �1.3 mm2 �1.7 mm2 �2.5 mm2 �4.1 mm2 �3.4 mm2 �5.0 mm2 �8.2 mm2

3-D Footprint
(Dom. Block)

N / A �0.9 mm2

(Compute)
�0.9 mm2

(Compute)
�0.9 mm2

(Compute)
�1.8 mm2

(Compute)
�1.8 mm2

(Compute)
�1.8 mm2

(Compute)

Footprint (F) Overhead 1� 0.69�
(-31%)

0.69�
(-31%)

0.69�
(-31%)

1.38�
(38%)

1.38�
(38%)

1.38�
(38%)

Latency (L) Speedup 1� Avg: 1.2�
Max: 1.4�

Avg: 1.4�
Max: 1.7�

Avg: 1.6�
Max: 1.9�

Avg: 2.4�
Max: 3.1�

Avg: 2.9�
Max: 3.7�

Avg: 3.2�
Max: 3.9�

Energy (E) Improvement 1� Avg: 1.1�
Max: 1.2�

Avg: 1.2�
Max: 1.4�

Avg: 1.3�
Max: 1.4�

Avg: 1.3�
Max: 1.5�

Avg: 1.4�
Max: 1.5�

Avg: 1.5�
Max: 1.6�

FoM 1
�(E � F)c

1� Avg: 1.7�
Max: 1.8�

Avg: 1.8�
Max: 2.0�

Avg: 1.9�
Max: 2.1�

Avg: 1.0�
Max: 1.1�

Avg: 1.0�
Max: 1.1�

Avg: 1.1�
Max: 1.2�

FoM 2
�(E � L � F)d

1� Avg: 2.0�
Max: 2.5�

Avg: 2.5�
Max: 3.4�

Avg: 3.1�
Max: 3.9�

Avg: 2.3�
Max: 3.3�

Avg: 3.0�
Max: 4.1�

Avg: 3.4�
Max: 4.5�

a(N � KMB) represents N tiers of stacking KMBs of activation memory as illustrated in Figures 3 and 5.
bEstimated footprint if a 2-D configuration with the same number of MACs and activation memory sizes were used; all footprint estimates are
compared with the 2-D baseline footprint of 1.3 mm2.
cFigure of Merit (FoM) 1 �(E � F) ¼ (Energy Improvement/Footprint Overhead).
dFigure of Merit (FoM) 2 �(E � L � F) ¼ (Energy Improvement � Latency Speedup/Footprint Overhead).

November/December 2022 IEEE Micro 123

EXPERT OPINION



5. H. E. Sumbul et al., “System-Level design and

integration of a prototype AR/VR hardware featuring a

custom low-power DNN accelerator chip in 7nm

technology for codec avatars,” in Proc. IEEE Custom

Integr. Circuits Conf., 2022, pp. 1–8.

6. Y. Shao et al., “Simba: Scaling deep-learning inference

with multi-chip-module-based architecture,” in Proc.

MICRO, 2019.

7. K. He et al., “Deep residual learning for image recognition,”

inProc. IEEEComput. Vis. Pattern Recognit., 2016.

8. M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, and L.-C.

Chen, “MobileNetV2: Inverted residuals and linear

bottlenecks,” in Proc. IEEE/CVF Conf. Comput. Vis.

Pattern Recognit., 2018, pp. 4510–4520.

9. L. D. Young et al., “Feature-Align network with

knowledge distillation for efficient denoising,” in Proc.

IEEE/CVF Winter Conf. Appl. Comput. Vis. Workshops,

2022, pp. 709–718.

10. J.Wang et al., “Deep high-resolution representation

learning for visual recognition,” IEEE Trans. Pattern Anal.

Mach. Intell., vol. 43, no. 10, pp. 3349–3364, Oct. 2021.

11. Z. Li et al., “Temporally consistent online depth

estimation in dynamic scenes,” 2021, arXiv:2111.09337.

12. G. Bhat, M. Danelljan, L. Van Gool, and R. Timofte,

“Deep burst super-resolution,” in Proc. IEEE/CVF Conf.

Comput. Vis. Pattern Recognit., 2021, pp. 9205–9214.

LITA YANG is a research scientist at Reality Labs, Meta, Sun-

nyvale, CA, 94089, USA. Her research interests include hard-

ware-software codesign for efficient AI/ML accelerators and

energy-efficient edge computing devices. Yang received a

Ph.D. degree in electrical engineering from Stanford Univer-

sity, Stanford, CA. Contact her at yanglita@fb.com.

ROBERT M. RADWAY is currently working toward a Ph.D.

degree at Stanford University, Stanford, CA, 94089, USA. His

research interests include multichip systems for application

scale-up, 3-D monolithic/stacked/assembled ICs, and edge AI

inference and training using emerging nonvolatile memories.

Contact him at radway@stanford.edu.

YU-HSIN CHEN is a research scientist at Meta, Sunnyvale, CA,

94089, USA. His research focuses on hardware/software code-

sign to enable efficient on-device AI for AR/VR systems. Chen

received a Ph.D. degree in electrical engineering and computer

science from the Massachusetts Institute of Technology, Cam-

bridge, MA, USA. Contact him at yhchen@fb.com.

TONY F. WU is a research scientist at Reality Labs, Meta,

Sunnyvale, CA, 94089, USA. His research interests include

energy-efficient edge computing devices. Wu received a

Ph.D. degree in electrical engineering from Stanford Univer-

sity, Stanford, CA. Contact him at tonyfwu@fb.com.

HUICHU LIU is a research scientist at Reality Labs, Meta, Sun-

nyvale, CA, 94089, USA. Her research interests include new

memory design, technology-hardware codesign for energy-effi-

cient AI/ML accelerators. Liu received a Ph.D. degree in electri-

cal engineering from Pennsylvania State University, State

College, PA, USA. Contact her at huichu@fb.com.

ELNAZ ANSARI is a research scientist at Reality Labs, Meta,

Sunnyvale, CA, 94089, USA. Her research interests include

hardware-software codesign for energy-efficient edge com-

puting systems. Ansari received a Ph.D. degree in electrical

engineering from the University of Michigan, Ann Arbor, MI,

USA. Contact her at elnazans@fb.com.

VIKAS CHANDRA is the director of AI at Reality Labs, Meta,

Sunnyvale, CA, 94089, USA, responsible for developing com-

puter vision, machine perception, and speech/NLU technolo-

gies for AR glasses. Chandra received a Ph.D. degree in

electrical and computer engineering from CarnegieMellon Uni-

versity, Pittsburgh, PA, USA. Contact him at vchandra@fb.com.

SUBHASISH MITRA is a professor of electrical engineering and

computer science at Stanford University Stanford, CA, 94305,

USA. His research ranges across robust computing, nano sys-

tems, electronic design automation, and neurosciences. Mitra is

a Fellow of IEEE andACM. Contact him at subh@stanford.edu.

EDITH BEIGN�E is the research director of AR/VR Silicon at

Reality Labs, Meta, Sunnyvale, CA, 94089, USA. Her research

interests include low-power digital and mixed-signal circuits,

and design with emerging technologies applied to AR applica-

tions. Beign�e was the Technical Chair of ISSCC 2022. Contact

her at edith.beigne@fb.com.

124 IEEE Micro November/December 2022

EXPERT OPINION



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


