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Methods

AP (easy) AP (hard) Inference Time (s)

Mono
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AY' j Y &a v Trade-off

{a Scenario 1 (Intersection) Scenario 2 (T-junction) Scenario 3 (Steep ramp)
sof T e e e . Easy Moderate ( Hard | Easy Moderat Easy Moderate  Hard
# Mono 39.50  31.82 31.22 | 5504 5379 | 5258|3556  29.25 25.43
48 '," . Ours 4543 3.2 3328 | 5738 5619 | 55.51|39.60 @ 32.63 27.56
i w/o matching 39.72  31.97 31.20 | 5520 5256 | 5192|3183 2596 23.11
46 a S
— Scenario 4 (Highway on-ramp)  Scenario 5 (Intersection)  Scenario 6 (Mountain road)
o B -
o 44 Easy Moderate (" Hard ) Easy Moderat Hard | Easy Moderate  Hard
J E 42 | Mono 3143  26.25 2293 | 3242 3163 | 31.13 |6076  52.36 39.70
o Ours 50.29  36.85 3635 | 5205 4325 | 4280 | 6225  54.50 39.64
% an + | w/omatching 3486  27.36 L 26.26) 3474 3135 29.38) 51.08 4423 33.26
[
= . rq
a3k o :{ ( ) T'l;
=1 e e N S S S
36 H= = = + APy of MoRFF (Ours) . Latency Easy @ Moderate @ Hard
wnenenenes A e OF MoRFF (Ours)
34 H —-—*;—-- APy of MoRFF [Ours) H1 Sync (0 s) 50.184 41.8091 36.833
AR of stand-alone perception
UT 4Ty 01 Slanc-alane perception | frame (0.5s) 50.182 41.889  36.832
a9 H 31 AP e of stand-alone perception ‘{ A
#* AR, of stand-alone perception ?\L 2 frames (].{] S] 50.180 41.888 36.831
30 : : : : — ) 3 frames (1.5s) 50.175  41.889  36.831
S0 100 150 200 - 250 300 4 frames (2.0s) 50.175  41.889  36.831
Number of RFMs to be transmitted
H

-
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DIffCPY ] @@W O YT v avw
A K 5%EIQQ" o! 7 %1B2aw
A pSOTA- @é182aN | i hX145% 5 4 .
R , - - L, & , A Object Level
F-Cooper
ArQWHVK 34 A N, WHadol b 50O 0l | A FCoom =
To! A vaxwit A
Method/Metric Data Rate AP@IoU=0.5 AP@IoU=0.7 T o1 ’"E**’Q;rsicomm
2
o compresse A
No Collaboration 0 7325 58.22 o 90| |—b—ticp

Object-level 219 Kbps 86.46 79.21 - ——p— DiffCP with Top-25

F-Cooper [7] 745 Mbps 87.39 79.39 3 89 <

V2VNet [8] 745 Mbps 91.35 82.43 3 [

V2X-ViT [9] 745 Mbps 91.74 83.31 O g8

Where2Comm [15] 745 Mbps 90.46 84.22 2

ERMVP [13] 745 Mbps 92.18 85.59 %8? 4/""_"'/ .

CoBEVT (compressed) [10] 41 Mbps 90.47 84.76 86
+ DiffCP 80 Kbps 86.95 74.50 ]
+ DiffCP + Top-25 87.8 Kbps 89.18 78.75 e
+ Top-25 only 7.8 Kbps 80.73 62.14 10 10 10 10 10 10 10

Data Rate (Kbps)

R. Mao, H. Wu, Y. Jia, Z. Nan, DIffEgrR:Ul8arkow BitEollahdrativeuPerception via DifiudianModalna@ 2Z0 2 Ni Iul
Conference on Robotics and Automation (ICRA), May 2025.
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A a2 SOTAM A OTysaN | %
A sdéT " 39.7%I 6T w" 77.2% 4 g 6T 0" 23.4%
A4 T H102% { L2 T H256% . ' H20.0%
Method | Detection Tracking Online Mapping
mAPT mATE] | AMOTAT AMOTP) Recallf | Lane (%) Crossing (%)
UniAD* (Hu et al. 2023) 0.181 0.795 0.197 1.685 0.299 13.3 8.7
SparseDrive® (Sun et al. 2024) | (.324 0.743 0.130 1.680 ().386 - 239
UniV2XT (Yu et al. 2025) 0.302 0.786 | 0.241 1.559 (0.375 | 17.7 19.7
Ours 0.422 0.649 | 0.427 1.280 0.535 | 194 243
Method L2 Error (m)) Collision Rate (%)) Off-Road Rate (%))
ls 25 Js Avg. 5 25 35 Avg. K 25 35 Avg.
UniAD#* (Hu et al. 2023) 1.26 222 306 218 | 088 118 132 113 [ 000 015 118 044
SparseDrive® (Sun et al. 2024) | 1.02 1.69 237 1.69 | 483 551 516 517 - - - -
CooperNaut (Cui et al. 2022) 383 526 6.69 526 | 059 192 163 138 - - - -
UniV2X (Yu et al. 2025) 145 219 304 223 | 015 015 044 0325 [ 029 000 044 0.24
Ours | 0.88 1.57 254 1.66 | 0.15 029 015 020 | 029 059 015 034
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1 T
(111,1'1 .E.%T T Z Ja (1), Procedure;
t=1 ‘| Determine the candidate
st a ) | set of available CoVs V;
[ € Online Restless Multi-Armed Bandit (RMAB) ] M
Schedule the CoV
A e/ UCB\ | X Schedule the new CoV with maximum UCB

a; = arg E%%icgi(t)
gi(t) = gi + B\/2Int/n; \/

Request, Compress, Transmit,
RN g0 o BV

Detect & Evaluate

Confidence Bound Ja, = Ya, (t)

Ta, =t 12

Lastseen gain Increases over time
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a sufficient long trip T > Q(0~2) with a dynamic candidate
CoV set satisfying |Vi¢| < 2, the expected average learning
regret of MASS is bounded by

/ Theorem 2 (Dynamic Candidates). Let 3 = 150 logo~t. For )

Lower bound for
any online algorithm

Ryass < O (0%1og”(1/0)) + 22,

-

J

Conjecture 1. Let 3 = 150 log o~ 1. For a sufficient long trip
T > Q(o~2) with a dynamic candidate CoV set satisfying

Vi| < Vinax, the expected average learning regret of MASS is
bounded by

Ryass < O (Vmaxa2 log3(1/0)) + 2.

where \ is the arrival rate of candidate CoVs. When A\ <
O Viasini®” log®(1/ 0)), the expected average learning regret
is bounded by

Ryass < O (Vmax02 108;3(1/0)) :
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| | I Closest CoV ] 1.8 - |-++E}++ Periodic ETC w T
- | BESS Periodic ETC - H-— SW-UCB gy, afYiN
80% [ | ] SW-UCB . 1.6 ¢ Earliest Activated ~ SV O 1
: E Earliest Activated ] + MASS [Proposed] L Son
. | IS MASS [Proposed] A o= e oo =aa= .

78%

Average Recall
~J
%
o~

—
\]
Tooees
1

Average Regret

I 0.8
74%
I 0.6
72% | 0.4
: 0.2 1
70%
10% 30% 50% 70% 0 s [ I I | | i ! !
CoV Ratio 10 20 30 40 50 60 70 80 90 100
Index of Parameter in Algorithms
UYN a2 7+ MY <Ad7 Y UYN a4 7~ + MY A&7 H
Average Recall Learning Regret

Y. Jia, R. Mao, Y. Sun,S. Zhou , and
Veh. Technol. , 2023, 72(11):1496214977.
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DOLPHINS: Dataset for cOLIlaborative Perception enabled Harmonious and INterconnected Self-driving

A 9z AOT WO® CARLA_ a1 6 Seale V2X — Dolphins(Ours
A I\'/W'D Hs 0 QRQ O = by é;&fg%m
e w
A H 42376 v QQ
A I—b292549A3D%o|—I- y Extensibility Variety
A 4T BisNyJ=>
ANETIBAEZs L [
A A e V2XZ : " "HYs A
A A wé ' x ! 1 @& Ful-HDg, 4 = 644 Q0 . S
Al CEF &x wé HQUEEAPI | 'Q 1 6 Q0

www.dolphinsdataset.net

R. Mao, J. Guo, Y. Jia, Y. SunS. Zhou ,and Z.Niu 6 6 DOL PHI NS: Dataset for coll aborative per cdiving"cAsian€ona bl ed
Comput . Vision (ACCV) , Dec. 2022.
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DOLPHINS: Dataset for cOLlaborative Perception enabled Harmonious and INterconnected Self-driving
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