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[1] JTASTI CHEN AND XUKAN RAN, Deep Learning With Edge Computing: A Review, Proceedings of
the IEEE, May 2019.
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(b) Decentralized training.
(a) Centralized training.

« &£ 301II%Zk: Each worker computes local data set, which are then collected by a central
parameter server, and the updates sent back to the workers. {CFR[HREL . FXFIZE 5]

« 5370111k Bach device computes its own gradient updates based on its training data
and then communicates its updates to some of the other devices.

« PIMPIREVEEE:: DNNREI -1, HEERFIF.
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(a) Edge-based mode. (b) Device-based mode.
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(c) Edge-device mode. (d) Edge-cloud mode.

(a) Edge-based mode
(b) Device-based mode

(¢) Edge-device mode
(d) Edge-cloud mode
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Training and inference on the cloud

[2] Zhi Zhou, Xu Chen, En Li, Liekang Zeng, Ke Luo, and Junshan Zhang, Edge Intelligence: Paving the Last Mile of Artificial
Intelligence with Edge Computing, Proceedings of the IEEE, May 2019.
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(1) Accuracy (A5E) : MWIEIRFREMNERIUMMAFERALENDMAERE
E/LLE;

(2) Latency (BJIE) : EENEIRTIERPTGATIE], HEIBATHE, 1RAMATIE;

(3) Memory Footprint (RESA) : HFEHIFIRDNNIRE X/NFMEBAKE
DNNES#HI F5 /A2 .

(4) Energy consumption (BEFE) : BEEWHEMHDNNIRE X/NFNAZIEE EZIRAT
=ALF

(5) Communication overhead GE{SH$H) : HK#BTDNNHEIE ST H T ;
(6) Privacy (B2F4) : HA&KBTAIBIRIREEN A ;
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KIRMAR: Neurosurgeon (ASPLOS’17)

“Neurosurgeon: Collaborative intelligence between the cloud and mobile edge”

® Tradition approach: cloud-only or device-only performs all computation
® Neurosurgeon approach: partitions computation between the cloud and mobile device.

(low Latency + low Energy)
Table 3: Benchmark Specifications

App Abbr. Network Input Layers
Image classification IMC AlexNet [21) Image 24
VGG VGG [26]) Image 46
Facial recognition FACE | DeepFace [27]) Image 10
Diagit recognition DIG MNIST [28] Image Y
Speech recognition ASR Kaldi [29] Speech features I3
Part-of-speech tagging POS | SENNA [30] Word vectors 3
Named entity recognition | NER | SENNA [30] Word vectors 3
Word chunking CHK SENNA [30] Word vectors 3

[3] Y. Kang et al., “Neurosurgeon: Collaborative intelligence between the cloud and mobile edge,” ACM SIGPLAN Notices,
vol. 52, no. 4,pp. 615-629, 2017.



Latency (ms)
o = 8 8 &

—
T
~

Neurosurgeon (AlexNet as an example)
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Key Observation:

(1)Full-Connected Layers(FC)

incur high latency;

(2) Convolution Layers(CONYV)
increasing size of output data;
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Neurosurgeon (Generalizing to more DNNs)

Table 4: Neurosurgeon's partition point selections for best end-to-end latency. -

Mobile Wireless Benchmarks
network IMC VGG FACE DIG =~ ASR | POS NER | CHK
Wi-F
CPU LTE argmax
3G n
Wi-F1
GPU LTE argmax | argmax
3G

Table 5: Neurosurgeon partition point selections for best mobile energy consumption.

Wircless Benchmarks

network IMC VGG FACE DIG ASR POS | NER CHK
Wi-Fi

CPU LTE
3G input

Wi-Fi input

GPU LTE

3G | argmax argmax

Mobile

Neurosurgeon adapts to various DNN architectures, hardware platforms, wireless connections, and server load
levels, and chooses the partition point for best latency and best mobile energy consumption.



KIRMR: EdgeAssisted (MobiCom'19)

“Edge Assisted Real-time Object Detection for Mobile Augmented Reality”
® Detect and classify complex objects in the real world
® AR/MRM FARIRFZE6OFPS, EhiinE|imbIERTiE < 16.7ms
® Offload object detection to the edge or cloud server
Detection Accuracy + E2E Latency

(a) Dangerous traffic warning. (b) Pickachu sits on
her shoulder.

[S] Luyang Liu, Hongyu Li, Marco Gruteser, “Edge Assisted Real-time Object Detection for Mobile Augmented Reality”, ACM MobiCom,
20109.



EdgeAssisted System Framework

AR Device Sl ) ( «'ﬂ,\, Edge Cloud

el | E ® A local tracking and rendering

e Ro! Encoding system on a mobile device and a
pipelined objected detection
system on the edge cloud.

| ® Decouple the rendering process
and CNN offloadding process into
two separate pipelines.




Dyna mIC RO' En COd | ng ROI: Region of Interest

* Adjust the encoding quality on each frame to reduce the transmission
latency based on the Regions of Interast (Rols)detected in the last
offloaded frame

* [t provides higher quality encodings in areas where objects are likely to
be detectad and uses stronger comprassion in other area,

* The key innovation lies in identifying the regions with potential objects
of interest from candidata ragions on prior framas.

() Dietoct Bols on the bat ofioaded frame. 0 Mark sacrobdocks that sverlap with Rols. o) Chunge encoding quality o the current frume,



Motion Vector based Fast Object Tracking

* Estimate the object detection result of the current frame

* Indicate the offset of pixels among frames to achieve a higher
compression rate,

() Cachod detection reaull of the last offloaded (b) Motion vecton extracted from the curreal en (€) Shilt the bounding box based on the motion
frarw coded frame vecton



Parallel Streaming and Inference

* Enable inferences on slices of a frame

* the streaming and inference can be effectively pipelined and
executed in parallel

oo O I
prpeline
Shee | A Encodey
Paralied e Teanamession
and nference -"’. : Decoding
-nc. SN Inference



Adaptive Offloading

* a frame will only be eligible to be offoaded if the previous
offoaded frame has been completely received by the edge cloud

* a frame will be considered for offloading if it differs significantly
from the last offloaded frame

The result shows that the system can improve the detection accuracy by 20.2%-34.8%
for the object detection and human keypoint detection tasks, and only requires 2.24ms
latency for object tracking on the AR device.
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