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» “Knob” in Video Analytics Pipelines E_. g g —" "
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v" Video Configuration (source) Source DETEﬂIG" Classification

. : : : Source-Detection-Classification (SDC) Framework
frame resolution: pixel dimensions of each frame

. . . 1.0 =
frame rate: throughput of incoming video frames 40T mm n=10 | [] _ /
£ =17 &
v Execution Acceleration (detection) 8| g i“ 'Il I % o
o . . ﬂ |:||:| 1 1 i I
batch size: frame number in a processing segment 240p b AP 2o 10805 1 s 10
5 1 100 Detection wi TensorRT ’5120 = —¢- -4
(first for detection and others for tracking) _ 80} == Detecton win TensorRT £ m v
E @ol Tracking & 80 Detection Delay ° 0.4
o 5 . 5 5 > -=- 30FF= 8 {2552 Detection+Tracking Delay ’ %
v' Distributed Collaboration (classification) 2 Of - 2 40 02
20F @ :
pipeline partition point: cloud—edge split between O VDA BT 3090 TVIDIA Jotson Tx2 < 2% 4] A |
. . . Execution Device ,
pipeline (left on edge / right on cloud) Bateh Size

0 1 2
region allocation policy: assignment of detected Epp- S Hl{ }I H.{ '_S' :E" }I EE }I
tage 2 0

regions to edge devices for parallel classification _ Stage  Stage 2 . . .
Pipeline partition point Region allocation policy
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> Knob Selection

Category Knob Optional Values
Frame resolution 240p,360p,480p,540p,720p,900p,1080p
Configuration Frame rate 12 > 406 /- 29 5l
Batch size 1 2 4 56 ] 69 10
Offloading Pa}"tltlon p011.1t [cloud,cloud]{,u}[edge,qloufi], ledge,edge]
Region allocation C'% combinations

(allocating R regions among u devices )
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> Knob Selection

Category Knob Optional Values
Frame resolution 240p,360p,480p,540p,720p,900p,1080p
Configuration Frame rate L2 5250 [ . 29 50
Batch size 1 2 24 56 7.6 9 10
. Partition point  [cloud,cloud], [edge,cloud], [edge,edge]
Sibv Region allocation C'% combinations

(allocating R regions among u devices )

Total knob combination number: 7 x 30 X 10 X 3 X C3; = 2866500
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> Knob Selection

Category Knob Optional Values
Frame resolution 240p,360p,480p,540p,720p,900p,1080p
Configuration Frame rate L2 5250 [ . 29 50
Batch size 1 2 24 56 7.6 9 10
. Partition point  [cloud,cloud], [edge,cloud], [edge,edge]
Sibv Region allocation C'% combinations

(allocating R regions among u devices )

Total knob combination number: 7 x 30 X 10 X 3 X C3; = 2866500

Challenge I: Exponentially complex decision space for joint knob adjustment
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» Dynamic Runtime Context
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» Dynamic Runtime Context
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v Task Context
: : : : 7 40 . n=10 [I
contains number / size / motion of task objects, £ =17 l
= I
c 3 &Z 2001 n=24
representing different system demand state 8 R 11 I

l.'::l

Edﬂp J60p dEH:Ip T20p mBDp
Frame Resaolution

Object variation Impact of object variation

during real-time video analytics.

Challenge II: Dynamically fluctuating environment in adaptive knob adjustment
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» Existing Solutions for Knob Adjustment

v" Profiling-based methods:
e VideoStorm [NSDI *17], Chameleon [SIGCOMM 18], ALERT [ATC *20]
* build off/online profiles to guide knob tuning

* introduce extra delays in real-time processing

v End-to-end learning methods:
 CASVA [INFOCOM ’22], Magic-Pipe [Middleware ’21], CuttleFish [TPDS ’20]

* employs a deep reinforcement learning (DRL) method to decide configuration

* struggles to converge in large decision space

v Negative feedback methods:
« DDS [SIGCOMM °20], FC [Sensys ’21], Elf [MobiCom ’21]
* Employs a negative feedback method to tune knob directly

* limited to adjusting a single knob

Configuration:
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*  Frame rate

* Object detector
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Methodology

> Problem Formulation

The latency-first optimization object:

{Lt = 0.(St, T¢)
Ar = Q4(St, Tt)

1
maxZAt, s.t. Ly <
ft

The output knob adjustment decision:

T, = (Tt ,sz, ...,Tf") € 1_[)(

(1) (2) (Nl) ki _
X; = {x; yen X U} T,

Decision Space Size: }.;-y N

Imbalance

, S A TNy
Uit) @ o@D - - - - 2
= X

(O state

Action
—p Select Action

- -» State Transition

Probability (Part)

Reward (Part)

High-dimensional Markov decision process

Background » Motivation » Methodology » Implementation » Evaluation » Conclusion



Methodology

> Framework Overview: Hier-EI

Execute Decisions on Video Analytics System and Collect Runtime Contexts
r r . . . . ™
Runtime Context Perception Coarse-grained Decision Negative Feedback ) Fine-grained Decisions
Resoluti
Resource HEANEEN - -1 0 4 -M+ # Q" ——— T20p
Task EEEEEE - = -
Decizion [ANEEEN - FF;i:;ﬂ
-.' =1 s 1 > i '.r..._-__....-f — 20fps
Deep Reinforcement Learning o
. Batch
S S Z Size e
% \ 0 1 —— ) > 4 frames
N » -
e Partition X )
: Paint: 2 1 . Partition point: 2
Y R e cleleeie p [ERR]

Macro-Scheduling Micro-Scheduling

@ Hierarchical: macro-scheduling outputs coarse-grained
decisions, micro-scheduling outputs fine-grained decisions
@ Embodied: act as an embodied intelligence interacting with

video analytics systems in collaboration and optimization
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> Framework Overview: Hier-EI

Execute Decisions on Video Analytics Systerm and Collect Runtime Contexts
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Macro-Scheduling Micro-Scheduling

@ Hierarchical: macro-scheduling outputs coarse-grained - Complexity Reduction
decisions, micro-scheduling outputs fine-grained decisions
@ Embodied: act as an embodied intelligence interacting with

video analytics systems in collaboration and optimization
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Methodology

> Framework Overview: Hier-EI

Execute Decisions on Video Analytics Systerm and Collect Runtime Contexts

s g . e )
Runtime Context Perception Coarse-grained Decision Negative Feedback ) Fine-grained Decisions
Resource EEEEEE - _1 u r M+ f Q" --* ?.EDF
Task EEEEEE - = -
Decision ANEEEN - F’;i:;ﬂ
. A _— 1 — il — 20fps
Deep Reinforcement Learning -
. Batch
State ' S Size S
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C xkf;.; o e— ,\,m:,‘ - -/ F:;:Iﬂilmfl x i
Critic aint: 2 1 a Partition point: 2
::zk HEMGF;% E ﬂSE 5 ﬁ 55!;{ & HB DB iB HB . Allocation: Policy
N .

e

Macro-Scheduling Micro-Scheduling

@ Hierarchical: macro-scheduling outputs coarse-grained ‘ Complexity Reduction
decisions, micro-scheduling outputs fine-grained decisions

@ Embodied: act as an embodied intelligence interacting with
‘ Dynamics Adaption

video analytics systems in collaboration and optimization

Background » Motivation » Methodology » Implementation » Evaluation » Conclusion



Methodology IEEE INFOCOM 55+

» Knob Analysis

Category Knob Optional Values
Frame resolution 240p,360p,480p,540p,720p,900p,1080p
Configuration Frame rate .2 3 5 0 | .29 3
Batch size 1,2, 3.4 56 1 89 10
Offloading Pa_rtltlon p011}t [cloud,cloud]{,u[edge,c?lou_d], [edge.edge]
Region allocation C'%; combinations
Monotonic Knobs Non-monotonic Knobs
» show predictable monotonic relationships » show unpredictable complex relationships
with performance metrics with performance metrics
» Adjusting monotonic knobs should follow » Adjusting non-monotonic knobs should mine

monotonic relationship the interdependencies between them

Macro-scheduling: adjustment direction Macro-scheduling: partition point
Micro-scheduling: exact values Micro-scheduling: regions allocation
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» Knob Analysis

Category Knob Optional Values
Frame resolution 240p,360p,480p,540p,720p,900p,1080p
Configuration Frame rate .2 3 5 0 | .29 3
Batch size 1.2.3.4.5.6,.7.8.9.10
Offloading Pa_rtltlon p011}t [cloud,cloud]{,u[edge,c?lou_d], [edge.edge]
Region allocation C'%; combinations
Monotonic Knobs Non-monotonic Knobs
» show predictable monotonic relationships » show unpredictable complex relationships
with performance metrics with performance metrics
» Adjusting monotonic knobs should follow » Adjusting non-monotonic knobs should mine

monotonic relationship the interdependencies between them

Macro-scheduling: adjustment direction Macro-scheduling: partition point
Micro-scheduling: exact values Micro-scheduling: regions allocation
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» Knob Analysis

Category Knob Optional Values
Frame resolution 240p,360p,480p,540p,720p,900p,1080p
Configuration Frame rate .2 3 5 0 | .29 3
Batch size 1.2.3.4.5.6,.7.8.9.10
Offloading Partition point [cloud,cloudj{,u[edge,c?lou-dj, ledge,edge]
Region allocation C'%; combinations
Monotonic Knobs Non-monotonic Knobs
» show predictable monotonic relationships » show unpredictable complex relationships
with performance metrics with performance metrics
» Adjusting monotonic knobs should follow » Adjusting non-monotonic knobs should mine

monotonic relationship the interdependencies between them

Macro-scheduling: adjustment direction Macro-scheduling: partition point
Micro-scheduling: exact values Micro-scheduling: regions allocation
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Methodology

» Macro Scheduling (DRL)

Runtime Context Perception Coarse-grained Decision [ Negative Feedback ) ranE-yrEl"nEd Decisions

r Resolution
Resource HENEENE -1 0 —— ? > 720p
Task EEEEEEm — - >

Frame

Decision EEEEEE -

Rate
- -1 1 — el P = 20fps
Deep Reinforcement Learning —
- - Batch
[t =R - L .I'I“IUL'U.I—.' Size rF ..t..

1 Partition N

0 ;
Criti ./ Paoint:
gl #3431+ - 168
N,

Stage 1 Stage 2

S Partition point: 2
Allocation: Policy

8868

v

-~
Yy

Macro-Scheduling

Macro-Scheduling:

» Employ an Actor-Critic Deep Reinforcement Learning Model

» Output coarse-grained decisions to guide fine-tune in micro-scheduling

» Perform with a relatively large interval to perceive runtime context globally
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» Macro Scheduling (DRL)
State (Runtime Context Perception)

——————————————————————————

| s | Actor Network | * . .
Resource MMM C; | ’5 eResoon v Perceive three runtime context: resource
os i +oBatch Si . .
o —g: N L Pt o (supply), task (demand), decision (history)
o I v" Use independent Conv-1Ds to extract
(" Critic Network : :
_?}p ¢ riie Fetwor underlying hidden features.

Decision ===, _.“ § L | b d fps pp
mg"p i | s = (CRY Crt, CTt, CTt, Cp G CD tCp,¢)
Action (Coarse-grained Decisions) Reward (SLO-Driven QoE)

v" For monotonic knobs, output adjustment directions: ( 1
: - + Ag, ALe =0
-1 (decrease), 0 (unchanged), 1 (increase) = b max( Ao 19) t Lt
v" For non-monotonic knobs, output 0, 1, 2 representing L max(y ‘AL, g) AL, <O

pipeline partition point
Ap;=a-——1L
ar =& = (&, &7, &, Le= & T e
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» Micro Scheduling (NF)

Runtime Context Perception 1( Coarse-grained Decision ) Negative Feedback Fine-grained Decisions
Resource HEEEEN - - 0 I |} M.'. Q"'f — 720p
Task EEEEEE - et
Decision HEEEIEEN -+ F;:;f a
: s 2 | A |1 > T 20fps
Deep Reinforcement Learning >
Batch
s Size 1 x'
| 1 0 I 1 e —- . - T 4 frames
0 1 2 Partition . F
T e Y T OO i | Point: [l | [ 0 Partition point: 2
E ﬁsga:gcliﬁ Slt:r:gelz'ﬂ Q jB TE EE I'IB Allocation: Policy
\ s o

Micro-Scheduling
Micro-Scheduling:

» Employs n independent negative feedback methods to fine-tune all knobs.
» Output fine-grained decisions to execute in video analytics systems.

» Perform with a relatively small interval to response in real time.
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» Micro Scheduling (NF)

NF for Monotonic Knobs NF for Non-monotonic Knobs
AIMD-based linear feedback adjustment Multi-object feedback adjustment
additive increase and multiplicative decrease based on historical task records
Fine-grained decision: Ty = ( )
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» Micro Scheduling (NF)

NF for Monotonic Knobs NF for Non-monotonic Knobs
AIMD-based linear feedback adjustment Multi-object feedback adjustment
additive increase and multiplicative decrease based on historical task records
( . k;
max(j; -1 + 1, 1G], =1
. ki
Jit = o e =0
Ji t—1‘ ki
) ’ I — _1
\ { 2 t
Tfi _ xi(ji,t)’ xi(ii,t) € X,
Fine-grained decision: Ty = ( )
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» Micro Scheduling (NF)

NF for Monotonic Knobs NF for Non-monotonic Knobs
AIMD-based linear feedback adjustment Multi-object feedback adjustment
additive increase and multiplicative decrease based on historical task records
( . k;
max(j; -1 + 1, 1G], =1
. ki
Jit = o e =0
Ji t—1‘ ki
) ’ R _1
\ { 2 t
Tfi _ xi(ji,t)’ xi(ii,t) € X,
Fine-grained decision: Ty = ( T.%°,T [ pS;Tf ’ )
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IEEE INFOCOM 58

» Micro Scheduling (NF)
NF for Monotonic Knobs

AIMD-based linear feedback adjustment

additive increase and multiplicative decrease

( . ki
max(j; -1 + 1, 1G], =1
. ki 0
ji,t = .]i,t—l' t
]it—l‘ ki
’ ’ I — _1
X { 2 t
Tfi _ xi(ji,t)’ xi(ii,t) € X,

Fine-grained decision: T, = ( T¢

/¢

res

NF for Non-monotonic Knobs

Multi-object feedback adjustment

based on historical task records

2 =
[ (=R} ey
( 1 )
= LX
t—1
j0; = 1 R & € {2}
(-~ =L,
T, )
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» Micro Scheduling (NF)

NF for Monotonic Knobs NF for Non-monotonic Knobs
AIMD-based linear feedback adjustment Multi-object feedback adjustment
additive increase and multiplicative decrease based on historical task records
( . k; T = g
max(j; -1 + 1, 1G], =1 : :
: 7 Ri _ (
jie = Jit-1 ¢ =0 {a? =R}, &P €{0,1}
]i,t—l‘ ki 1 ( 1 )
) t = — U
. T[4 = . L,_, -
< O-t — . 1 * Rt > ) ft € {2}
Tfi xi(]i,t)’ xi(li,t) = xl \ \ u=1 Lli.t_l J

res ..fPS _bs
Fine-grained decision: T, = (Tt >, T; " T, o0, T0%)
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» Hierarchical Collaboration Mechanism

----------------------------\

hierarchical-El
o> NF 1
o NF 2
(St T ]

v Macro-scheduling uses an Actor-Critic DRL Model

- Jec knob 1
to output coarse-grained decisions

knob 2

v Micro-scheduling uses n independent negative T,

feedback methods to output fine-grained decisions.

knobn
o NF n

’--------\
[ & § & & &8 &8 & B &0 B § 0 B §

----------------------------I

Hierarchical Collaboration Mechanism
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» Hierarchical Collaboration Mechanism

v

Macro-scheduling uses an Actor-Critic DRL Model |{ hierarchical-El :

I I

to output coarse-grained decisions : — NF 1 nob 2 i

|

Micro-scheduling uses n independent negative : & o NF 2 knob 4 T, :
t

feedback methods to output fine-grained decisions. : :

| —0 NF knob n I

Macro and micro collaborate asynchronously o~y =" LT e :

. . I [ ] ] y

display respective advantages Il : : : il

1imicro OO0OO00OO0O0OOO0:C _ i

Micro-scheduling uses the latest updated coarse-  \i.. . . "Tcoccoocceceeeen >T|me1|
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» Hierarchical Collaboration Mechanism

v

Macro-scheduling uses an Actor-Critic DRL Model |{ hierarchical-El :

I I

to output coarse-grained decisions : — NF 1 nob 2 i

|

Micro-scheduling uses n independent negative : & o NF 2 knob 4 T, :
t

feedback methods to output fine-grained decisions. : :

| —0 NF knob n I

Macro and micro collaborate asynchronously o~y =" LT e :

. . I [ ] ] y

display respective advantages Il : : : il

1imicro OO0OO00OO0O0OOO0:C _ i

Micro-scheduling uses the latest updated coarse-  \i.. . . "Tcoccoocceceeeen >T|me1|

Decompose decision space: ), { N; = 3" (1e5 — 81)
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> Embodied Feedback Mechanism

Inspired by robot control, treat two phases as a
single embodied intelligence to optimize through
interacting with the environment

---------------------------- \
|’ hierarchical-El :
i
: -0_2 NE 1 knob 1 :

[
1 — knob 2 I
| lz.|> o= NF2 .
i |
: ;_o- NF knob n :

Jre e ess AR RS R e ERRRRRRRRR A
: Macro [_|! [T [ 1 :
1imvicro 000000000000 _ i
S s ——————— AL 1

Hierarchical Collaboration Mechanism
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> Embodied Feedback Mechanism

Inspired by robot control, treat two phases as a
single embodied intelligence to optimize through
interacting with the environment

Macro [ | P ¢
000 00 e D 0000

’.:.:.-------R

Hierarchical Collaboration Mechanism
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> Embodied Feedback Mechanism

Embodied Feedback Mechanism

Inspired by robot control, treat two phases as a | Cri+1 Cre41 Cpt41 oy L,
. o o o 0 o H = ‘Tt,Tt,...,Tt
single embodied intelligence to optimize through  s,,4 . Lers Aeia A S R action
interacting with the environment -+-+---- -
( 1 7,
: I
: .. I
(1) Perform fine-grained decisions in video Lol L :
: . : S |
analytics system to guide task execution St : —
i
: i
(2) Compute DRL reward with performance CroCroCoey - 2 :
state : I
results and Optlmlze IIlOdel parametel's :. i : : : ....................... i i
(@ Perceive updated runtime context and 1 OOV w1 L1 LI L :Timeé:
perform next scheduling cycle Hierarchical Collaboration Mechanism
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» Prototype System Overview

Dayu: a container-based analytics
system based on KubeEdge

o

/I\

[
é

l é l
D O Flexible with various

v
y U pipelines orchestration
Dayu is named

v" Support fine-grained
fr()m cci%”

v Deployable across

heterogeneous devices

user-defined scheduling

Provide infrastructure for cloud-edge

collaborative s

Upper-Layer

System

Lower-Layer
System

Application
Service
Layer

Collaborative
Scheduling
Layer

System Support
Layer

Intermediate
Interface
Layer

Basic System
Layer

553
- L ™
N . - i
User-Defined Services Pipeline Orchestration
runlim? F'Ztﬂtﬂ‘i'it C“ Schaduling Period
WE:::;:::;'TDG [i—ﬂ_ Scheduliﬂgw
feedback g — Aﬂﬂnt | data sturaau- |
Sensing Computing Controlling
== | Frontend vy, Backend Datasource
</>] server '==' Server Server

Communication

Deployment @
= Plugin

= Plugin

KubeEdge Q

Cloud-Edge Container
Orchestration Platform

Dayu homepage: https://dayu-autostreamer.github.i0

Dayu Repository: https://github.com/dayu-autostreamer/dayu
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» Lower-Layer System

v Provide container orchestration

infrastructures on distributed cloud-

edge systems based on KubeEdge

v' Enable service installation and
cross-device communication with

customized Sedna and EdgeMesh

Application
service

Layer User-Defined Services Pipeline Orchestration

Upper-Layer Collaborative

Scheduling
System L
y ayer Sensing Computing Controlling
System Support| (=] Frontend [ .;]Backend -H‘Datasuurce
Layer <!>} Server ;] Server BN  Server
Ll ol Depl t O Communication
Interface — | “eploymen
Lmr'l.ﬂyﬂr Layar —_ P|ug|n A Pll.lgi“

System Basic System Cloud-Edge Container

Layer KubeEdge Q

Dayu homepage: https://dayu-autostreamer.github.i0

Orchestration Platform

Dayu Repository: https://github.com/dayu-autostreamer/dayu
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» Lower-Layer System

Global Manager

CloudCore

Local
Manager

™ Dayu &=

Y RYXY
Cloud =
v Provide container orchestration
infrastructures on distributed cloud- Edge

o
edge systems based on KubeEdge

v' Enable service installation and

Local
Manager

cross-device communication with

customized Sedna and EdgeMesh Dayu homepage: https://dayu-autostreamer.github.i0
Dayu Repository: https://github.com/dayu-autostreamer/dayu
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» Upper-Layer System

Application 1
A Service . =] i
-] Layer User-Defined Services Pipeline Orchestration
/ I \ Q U [ runtime contex N ata retrieva
B B0 B Upper-Layer  Collaborative r:nniturin:: t il — _M
‘ ‘ ‘ ‘ ‘ ‘ Schaduling result closed-loop [i_& SchEdu“nﬂ a analytics
System  ayer | feedback | L °— Agent | data storage |
v' Support fine-grained processing, s s E:nsingd Computing c:ntrulling
L . , stem Support| =] Fronten Backend atasource
monitoring and scheduling of video y La“rpp </>] server Server .1“ Server
analytics pipelines. Intermediate . t A Cormnieation
! Interface e eploymen :
v" Support user-defined application Lower-Layer Layer =)  Plugin A Plugin
with service orchestration. System Basic System KuboEd Cloud-Edge Container
Layer uhetdge Orchestration Platform

v' Scalable to different core operation _ .
Dayu homepage: https://dayu-autostreamer.github.i0

Dayu Repository: https://github.com/dayu-autostreamer/dayu

implementation with hook functions
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» Upper-Layer System

r--------------------------I

j Cloud ﬁ]; ;I:E'_Jg A 1
oy ‘ o]
Processor Processor Monitor |
/T\ D O ' l : T&? (Stage‘l)\ (Stagen) =3 |
A C I
I Scheduler == :
|

------ CDntm'Ier [ N | _Diitri-bu-tﬂr- L] _I

. :
v" Support fine-grained processing, @I _:_’ @_, Efge1! |Edgfsz\ . @ + I%

L
momtormg and SCheduhng of video : Generator Controller : : Controller Generator :
analytics pipelines. I : [ m./ :

I g (AW _ I | -

v o ] :E_lr: 1 1 19f O [
Support user-defined application 1 W " T A g
) ) ) | = Processor Processor 1 IPmcessar Processor - |
I SR O |Montor_ (Stage 1) _(Stagen) | j (Stage 1) _ (Stagen) _Monitor

. . — Workflow  —» Scheduling —» Forwarding
v' Scalable to different core operation . .
Dayu homepage: https://dayu-autostreamer.github.i0

implementation with hook functions
. Dayu Repository: https://github.com/dayu-autostreamer/dayu
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» Real-world Testbed » Evaluation Scenarios

v' Cloud Side: Server with NVIDIA RTX 3090 v" S1: stable network bandwidth / sparse task objects

v' Edge Side: 3 NVIDIA Jetson TX2 ina LAN v' S2: stable network bandwidth / dense task objects

v' Data Source: RTSP with NVIDIA Jetson Orin v" S3: unstable network bandwidth / sparse task objects
v' Network: replaying Belgiufn Dataset v' S4: unstable network bandwidth / dense task objects

Imbalance Degree: S1 = S4 increase

> Evaluation Metrics

v’ Latency compliance rate: long-term balance status

= RTSP Video Source under extreme load conditions
NVIDIA Jetson AGX C

~‘d ) \/ v Average accuracy: overall processing quality

v’ P95 latency: service-level objective performance
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» Video analytics applications

1. Road Surveillance Application
v Dataset: Video from UA-DETRAC (total 331 minutes)

v" Ground Truth: Annotations in dataset

— Result

2. Pedestrian Monitoring Application
v’ Dataset: Video from YouTube (total 275 minutes)

v Ground Truth: with “gOIdeﬂ Conﬁguration” Source —*| Face Detection — Gender Classification |—Result

> Baselines

v" Chameleon [SIGCOMM ’18]: Online profiling to adjust video configurations

v' CEVAS [MMSys *21]: Offline profiling to decide cloud-edge partition point

v" FC [SenSys °21]: AIMD-based negative feedback to adjust frame resolution

v' CASVA [INFOCOM °22]: End-to-end DRL model (PPO) to select video configurations
[latency-first mode (CASVA-L) and delivery-first mode (CASVA-D)]
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> Overall Performance

IEEE INFOCOM 58

o 10 S1 == o — — 1200 M .| o —— LR S .| :
§0_8, s2 Bk 1000 D s1 mE s2 W S8 — s4 * P95 i _—
806 S3 I I E 800 : o ' ,f-‘
e . . S4 5 I & 600 | =
8 0.4f 5 A0 * 1 i i1
foz [ 3 Q! | |1
£0.2 = %’! TTeum 77 1178 el L3
© o0 ' ' ' 0 = =
? Chameleon FC CASVA-L  CASVA-D CEVAS Hier-El Chameleon CASVA-L CASVA-D CEVAS Hier-El
Latency compliance of road surveillance P95 task latency distribution of road surveillance
10 - — _ 1200 — : — :
@0.8 S1 T T b % 1000 ([0 S1 EEN S2 I S3 EEE S4 Pgs;, a——
S0.6 o T x I I 5 I £ 800 ' - ,- e
= - 3 600 it fi
S o4 W oS4 o 1 1 . T
e $ 400 T *
0.0"Chameleon FC CASVA-L CASVA-D  CEVAS Hier-El 0™ Chameleon FC CASVAL CASVA-D CEVAS Hier- EI

Latency compliance of pedestrian monitoring P95 task latency distribution of pedestrian monitoring

v' Hier-EI has a 2X improvement on latency compliance and a 56.26% reduction on P95 latency, mitigating the
imbalance in real time while maintaining high QoE.

v" Hier-EI improves latency compliance by 3.6 and reduce P95 latency by 67.4% (306ms) in extreme scenario S4.

v' Hier-EI has a low CV of 4.59% in latency compliance across all scenarios and applications.
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» Case Study for Adaptive Scheduling

(RS: Resolution

FR: Frame Rate

BS: Batch Size)

2‘30' - A RS 540p] Object Cardinality =«  Scheduling Decision
£2577 b | {RS:B40B| |FR:3 A
2 o '.' - |FR¥0 |7 |Bs:3 ',"——\,'"\\_:' i "~ :l ]
38200  * " IBSI3 e e i RS:540p] |

= RS: 720p k) \o tRS: 480p ': o FR:3 | Y

2 157 |FR: 4 \[FRi2 Ty BS: 5 )

o] ! .

O 40! BS: 4 BS:7 % |

0 25 50 75 100 125 150 175 200
Task Index
5 (RS: Resolution PP: Partition Point 0-[cloud,cloud], 1-[edge,cloud], 2-[edge,edge])

) RS: 1080p RS:480p| 7 Network Bandwidth  «  Scheduling Decision
S I |PP: 1 PP: 2 ‘
\2_, 4t [y - i\ 1% ," N -
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.."(:3 3' '_/‘ l‘__\ ! \_ ! \__’ \\\ __// N RS: 720p \_\\ PP: 2 r___/ \\ )
22t |/ \ PP: 0 | # ~\ / [RS:540p]| ~
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Task Context Adaption

Hier-EI reduces frame resolution during high

object density to lower computational load

Hier-EI adjusts frame rate/buffer size as object

motion slows to accelerating processing

Resource Context Adaption

Hier-EI also adjusts knobs to adapt to resource

variation like network bandwidth

Hier-EI exhibits predictive behaviors to make

conservative decisions despite high bandwidth

23
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» Case Study for Adaptive Scheduling

RS: Resolution FR: Frame Rate BS: Batch Size .
.30} ( . Obiect Cardiality %S )h o Decision Task Context Adaption
= ] AR RS: 540p ject Cardinality % Scheduling Decision
o5t i ' |IRS:1540¢ : o TN , . . . )
S50 TP PR3 AN ™l v/ Hier-EI reduces frame resolution during high
2 i - FRY10 BS: 3 Mo Ty Y g
S20 | * Vlgs: b U 5 ! : : .
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10t ' ‘ ‘ — ‘ ‘ ] . . .
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» Case Study for Adaptive Scheduling

RS: Resolution FR: Frame Rate BS: Batch Size .
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» Ablation Study

No Macro No Micro No Async
Hier-EI v.s. n independent NFs Hier-EI v.s. end-to-end EI Asynchronous v.s. Synchronous
1.0 - 2o 1.0f 0.4
£ 5 _
: § % 2 Asynchronous —— Synchronous
L ; ok >
8 05 i —— w/ macro-scheduling N % 05 W; E?ic):ro-scheduling | % 0.2
| ) . = ® — wi{u =
i w/o macro-scheduling ‘é’ o) w/o micro-scheduling 3 *lﬂl‘ l I l'i J ,
0.0t . i . . . i 6 <?: 0.0t . - w/o (fit) . i . \',.J lﬂ'l{(."ﬂ‘*l .‘JI,‘ “h,.:l:'”l,«. 1 ‘Qtv!‘hlﬂr*” ”‘*I
0.00 0.05 010 0.15 0.20 0.25 0.30 < 0 1000 2000 3000 4000 O'OO 2000 4000 6000 8000 10000
Latency (s) Step Frame Index

v w/o macro-scheduling has a 26% v w/o micro-scheduling struggles  v° synchronous collaboration has

latency drop at 0.1-second to converge in an exponentially poorer adaptability to sudden
threshold complex decision space changes

v Macro-scheduling give global v" Micro-scheduling splits high- v" Asynchronous collaboration
guidance to coordination dimensional complexity reserves respective advantages
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Conclusion

Tackling the Imbalance in Video Analytics Pipelines
with Hierarchical Embodied Intelligence

v A two-phase hierarchical scheduling framework with embodied intelligence to
eliminate the imbalance in real-time video analytics pipelines.

v" A hierarchical asynchronous collaboration mechanism to reduce complexity and
an embodied closed-loop feedback mechanism to adapt to dynamics.

v Implement a prototype system based on KubeEdge to validate the performance of
our Hier-EI in real-world environment.

v Improve latency compliance ratio by 3.6X and reduces P95 latency by 67.4%
compared to state-of-the-art scheduling methods.

Opensource Code: https://github.com/dayu-autostreamer/dayu
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Thanks for listening! Q & A

Wenhui Zhou, Lei Xie*, Jingyi Ning, Shuyu Cao, Hao Wu, Qinghua Peng, Long Fan

State Key Laboratory for Novel Software Technology, Nanjing University

For detailed information and opensource code: For contact:

Dislab @ Nanjing University
Lei Xie
Ixie(@nju.edu.cn

Wenhui Zhou

whzhou(@smail.nju.edu.cn

Hier-EI Homepage Dayu Homepage Dayu Repository
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