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Figure 3 (Color online) Metrics to evaluate a video streaming perception task
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X 25 A I S AR P AL ATUES I A AT B PR AN [R5 MR A e 2R R St i R A T B4 SR AR AR

eI BT AR TR T M4 732K & (network allocation vector, NAV), K] 8 f&/R T NAV
TE R TIRE (point coordination function, PCF) HHIN . PCF J& IEEE 802.11 WLANs HfJJEA
Bz —, ARl St b AL IS TE g il 1), S SE SURE I IR S 7 A% A I I ORAE. AR
B ANWT A 1 HE 7 P B (contention-free period, CFP) H1, PCF 2 SEAT#C1 (poll) AL, #: %1 3
(I8 15 Bl 22 3R A5 o S0 S IOAR A5 T8, T FCARO@ A3 3l U 2K % B 190 NAV (A 15 B Rl R K B2 DAORFFEER.

Kl 8 A KA 1 Rz IR B REE AR 0 AR AR, AR PE i R SR R AR A BRI R E, TS
B — TR B IR AN [F) 28 S B2 EAR LRI [A) . AR I 1822, 302 55 @ A2 R [l filh & CFP I B,
FORREC RS (CF-poll) &8 5%% N F) 28 3ifs 1 28 SR AR BT AL, SR 5 B8 37 Hof 28 3 ¥ 4 B H) NAV
B9 EABZMI G, iUk IR e G, I 3R B SRR ERE A AL H AR TR, 120Kk %%
A YERE CFP RS, (5050 8L H) 26 0 ¥ 4% R IE BT CF-poll JF 2k LA [ A 7 2 5 7 H At 24 3 15 4% 9
NAV fH.

5 SLWEKE

5.1 SCIRIfE
FATER W& LR T MASSIVE &40 ZKini &iEH T 3T mt7628 & F FF IR, 81T
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JEI) Linux OpenWrt R4t, 114554315 H T Lenovo IdeaPad-Y700, i7-6700HQ CPU, 2.6 GHz main
frequency, GTX 2080 GPU, LA K — A~ WX 451 B #% >k SR HORS i 040 7 A JE AR RN 55 T K6 SBG AR, FRAT11E
2> 2 VA% SIEIN (1) T S8 IR 55 4 AOR L S IR ARIL, SR ) 320 % ik 55 2 i I 1 e 32 47 45 %€ 1) DNN
(deep neural network) 8, iR [ /34T 4558, /£ OPNET Modeler 14.5 AR E T HMAEB T, &
IV E W 2% 55 54 Mbps, Wl RS IZAT N 5 TR #2828 72 R 280 5 rh, TR A bR
FIE 2400 kbps. ASCEIL T 4 MAGRIE RS, HOVENIRME 7 I ERREE s 2RI BE R
BN CATE LA I ELER. BRAE AT R B, AR SO YOLOv3YAE A 2 ik 55 25 i (1) H Frfar TR, {57
MobileNetV2dilated+C1_deepsup 47 {E A1E 4 E LR

5.2 BUEE

9T 5B MASSIVE 7EA RIS N R, A SCIEE T 4 Pl 42, FppfaR 17—t
M2 W& RIFES T 5. Hh @i (Traffic) . M£1ETEUREE (Conveyor) 2 K LR £ 4
(Soccer) & FRATMALAR A 3l b4 2 SCH 1A R 2K, HF N TR 1A O 22 B9 86 73 Ja il e, o AMLE S
4 (Drone) HLH T VisDrone2019-MOT AJFEHEEE 14849 FRATZ B BhIE T 6 2 S PP Re PE LA, b
WIRIES R EAE . BEREBEARE . BARAER RNA RS, DAIG R S e 45 R A A SR 7). X
LE ST A 0 BT AR 55 B4 FE (1) 78 Traffic A1 Drone Z(dEAE HAGI (5050 E]) ZE5; (2) 7E Soccer £i¥s
il (Besr#1) 2ER; (3) £E Conveyor HEtErHALI (70 H) Mk AT Yk Cf
N AR, FRATTRE R AR ATREAT B SR HE KT 1 25 SRAE D LB R T S SN AR 2, DAY RS [R] 4 28 1 2
AU By () VEREXT S 56 25 SR 2.

5.3 XL RGSMEETNIERR

ARIGERT 4 FEHIARRMERGAE X RS, REPREFHEA: —Fo2Td TR 3
AN LRI SE HERI R R 88 (EAAR B4, DeepDecision [, DDS Pl), 75 —Fp % & T 2% & K175
(JCAB B2, sBs oA 0 b R AL T R MBI 78 2 5 7, DURIEXS LS i) AP, R4t
ZraYERe T fa bR R FIAESS 3.1 /T8 U SEINHER R . RAKEM RS — 3. B ARkl 554 H
AP50 SRR HERZ, 18 X FUESEH 5 HFRRAIMRAEZ 2K ToU (intersection over union) K4
R,

6 SISO

6.1 imE|imiERERRF

BOrge. B 9 WSRIHEFIR . REFEMRG —FUE 3 XL 7 MASSIVE FIHAR RSt
RO FEPFSEAT S, MASSIVE FIMERE# 4 77 A tth 2 3 R T HAb I R 4, LLRILIKLFIY JCAB
TEMER R T T 22.7%, fE RSG5 E LRREET 1.8 53R TGN R —5% . JCAB Mtk
REMHEAALR T Hofth 245 (DDS, EAAR, DeepDecision). K4 JCAB it 7 —AN4 R 1 BE 28 ok Bid B %
TR, BB Z 5 2 W& e S IR BE T, 3B R AR T RGBT AL, HoAth 3 B RGEHIE
EER R LR TS R R 2 6 22 1 2% P R 3 b R B 4 2 TR R R R (R (25 . BRATTAA AR AN J5 TS
BE— DR RE.

1) ultralytics/yolov3: v9.0 — YOLOv5 Forward Compatibility Release. 2020. https://doi.org/10.5281/zenodo.
4308573.
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Figure 9 (Color online) Comparison of streaming accuracy, capacity, and consistency between MASSIVE and all baseline
methods on various datasets. (a) Object detection (Traffic); (b) object detection (Soccer); (c) object detection (Drone);
(d) object detection (Conveyor); (e) semantic segmentation (Traffic); (f) semantic segmentation (Soccer); (g) semantic
segmentation (Drone); (h) semantic segmentation (Conveyor)
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Figure 10 (Color online) Bandwidth utilization of MASSIVE and the best baseline method. (a) Bandwidth utilization;
(b) response delay
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Figure 11 (Color online) Streaming accuracy of each agent in two perception tasks when the number of agent is 45 which
is the group capacity of MASSIVE. (a) Object detection; (b) semantic segmentation

(@ 1.0 (b) 1.0
1 - =
= - = EEI B = =
z 08 @ % - é 3 0.8 é]
T
S 0.6 E S 0.6 El
on on
.g g
g g
S 04 S 04
z ——MASSIVE e — MASSIVE
—JCAB ——JCAB
0.2 T T T T 0.2 T T T T
Traffic Soccor Drone Conveyor Traffic Soccor Drone Conveyor
Video category Video category

12 (MM E) MASSIVE #1 JCAB 7E 4 #AREMAENIRN_ LB TRFFIIN S 7 E 500 SR ERRZEITEL
Figure 12 (Color online) Streaming accuracy of two tasks in four different video categories. (a) Object detection;
(b) semantic segmentation
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MSMABIRISLNE. [ 12 XfH T MASSIVE F1 JCAB 7E 4 88d 45 Fas 47 iR 20T 25 O 1k B
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Figure 13 (Color online) Streaming accuracy of two tasks in the Traffic and Soccer datasets. (a) Object detection;
(b) semantic segmentation
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Figure 14 (Color online) Streaming accuracy of two tasks in the Traffic and Drone datasets. (a) Object detection;
(b) semantic segmentation
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Abstract Video streaming perception ability is critical for Al applications on resource-constrained devices
(agents), which prefers to offload video streams from devices to edge servers for real-time inference by deep
neural networks (DNNs). Meanwhile, the multi-agent system (MAS) community is attempting to run DNNs on
multiple cooperative agents to enable improved swarm intelligence-based tasks (e.g., drone swarm intelligence, self-
driving fleet collaboration, and multi-agent robot cooperation). However, transferring video streaming perception
capability from single-agent systems to MASs is extremely difficult due to spontaneous competition-induced
trade-offs between the desired goals of accuracy, consistency, and capacity, which are three critical but conflicting
measuring indexes. In this paper, we present the design and implementation of MASSIVE, an edge-assisted
cooperative multi-agent video streaming perception system that simultaneously achieves all three desired goals.
In our design, we consider the performance characteristics of video streaming perception and the insight of its
periodic offloading pattern. On this basis, we develop a Pareto improvement scheduler to eliminate spontaneous
competition among agents, allowing multi-objective optimization to achieve an ideal Pareto optimal state. Finally,
we propose a virtual traffic shaper based on the mainstream 802.11 MAC protocol to ensure deterministic periodic
video stream offloading in an uncertain wireless network. Our experiments demonstrate that MASSIVE achieves
122.7% accuracy and 1.8x capacity compared to the closest baseline on multiple actual cooperative vision tasks
with even better consistency, and achieves an ideal Pareto optimal state in a wireless environment.

Keywords real-time video analysis, edge computing, multi-agent cooperation, multi-objective optimization,
Pareto optimal state
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