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CPM "
1 @ﬂ] ITS PDU Header | ! :
— - .
Collective Perception Message I I EI‘ Receiver []-----------------
CPM Parameters .
E 1" 1,t I = & @ sender ([, )_%,-
5/ PN Station Data CPM Management | oEm -
. == (3, £, &) Sender ([, )—o%.-r""‘
Sensor Information Perceived Objects | | ntermediate ‘/T‘me gelav\‘ Relative pose
| |

CPMI: EIfFRRES  Cooper?: [EHARS=ES © V2VNetBl: B FGNNAUSIRS

[1] "TR 103 562 - Intelligent Transport Systems (ITS); Vehicular Communications; Basic Set of Applications; Analysis of the Collective Perception Service (CPS)", TC ITS Tech. Rep. V2.1.1
[2] Chen Q, Tang S, Yang Q, et al. Cooper: Cooperative perception for connected autonomous vehicles based on 3d point clouds[C], 2019 IEEE 39th ICDCS. IEEE, 2019: 514-524.
[3] Wang T H, Manivasagam S, Liang M, et al. V2vnet: Vehicle-to-vehicle communication for joint perception and prediction[C], ECCV. Springer, Cham, 2020: 605-621.
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BFISERSAIBEV (Bird-Eye-View) [l
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[4] Li, Zhiqi, et al. "Bevformer: Learning bird’s-eye-view representation from multi-camera images via spatiotemporal transformers." European conference on computer vision. Cham: Springer Nature Switzerland, 2022.
[5] Hu, Yue, et al. "Where2comm: Communication-efficient collaborative perception via spatial confidence maps.” Advances in neural information processing systems 35 (2022): 4874-4886.
[6] Wang, Tianhang, et al. "UMC: A Unified Bandwidth-efficient and Multi-resolution based Collaborative Perception Framework." arXiv preprint arXiv:2303.12400 (2023).
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BFREEEF3 (Deep Metric Learning) A I MEGFMEZ B NEIL
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R. Mao, J. Guo, Y. Jia, J. Dong, Y. Sun, S. Zhou, and Z. Niu “MoRFF: Multi-View Object Detection for Connected Autonomous Driving under Communication and Localization
Limitations," VTC2023-Fall, Oct. 2023.
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Methods AP (easy) AP (hard) Inference Time (s)
Mono 0.78 0.60 0.10
Fusion w/o matching 0.49 0.35 0.12
Ours 0.77 0.69 0.18
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Scenario 1 (Intersection) Scenario 2 (T-junction) Scenario 3 (Steep ramp)
Easy Moderate ( Hard | Easy Moderat Easy Moderate  Hard
Mono 3950  31.82 31.22 55.04 5379 | 52.58 | 35.56 29.25 25.43
Ours 4543 37.22 33.28 57.38 56.19 55.51 | 39.60 32.63 27.56
w/o matching  39.72 31.97 31.20 55.20 52.56 51.92 | 31.83 25.96 23.11

Scenario 4 (Highway on-ramp)

Scenario 5 (Intersection)

Scenario 6 (Mountain road)

Easy Moderate (" Hard ) Easy Moderat Hard | Easy Moderate  Hard
Mono 3143 2625 22.93 3242 3163 | 3113 |60.76  52.36 39.70
Ours 5029  36.85 36.35 5205 4325 | 4280|6225 54.50 39.64
w/o matching 34.86  27.36 L 26.26) 3474 31.35 29.38) 51.08 4423 33.26

Latency Easy @ Moderate @ Hard

Sync (0 s) 50.184  41.891 36.833

1 frame (0.5s) 50.182  41.880  36.832

2 frames (1.0s) 50.180 41.888  36.831

3 frames (1.5s) 50.175  41.889  36.831

4 frames (2.0s) 50.175  41.889  36.831
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" FEIRNZENVE ]-ﬁﬁ s (i M3 ( ~ Kbps)

Downstream

= MERIRERERANE MERIE
= ARFM SRR EE M EREIERE 7 |

Recovered
R Data Co-Agent BEV
aw ba BEV Feature Maps

(images, Point Clouds, etc.)

Perception Results
xT ‘ }

Detected Objects Steps N x Diffusion-Transformer Block
Perception
Head Segmentation T

BEV Feature
Encoder

etc.
Prior Knowledge S Patchify > €
A
A Decompression Diffusion 1 Semantic Geometry Timestep
: P Model ! Embed Embed Embed
Ego-Agent 1 + * : S, T T T
Y Rawdevel — I Ahiectldavel [
C-V2X Communication ' [ Rawievel Previous: , | Feature-level | | Ouyrs: DIffCP 1 [ Obiectlevel E :
- 1 |Collaboration Collaborati 1 |Collaboration | @ Relative )
Bandwidth: < 10Mbps | ~ 360Mbps = 40Mbps 1 | ofiaboration |1 ~ 2.5Kbps - 80Kbps ' | ~150Kbps I Geo- Timestep
e - ! Position
Co-Agent ! . — ! Condition
9 : / Compression [ Ei{?:(;gf ] : Yy
U I ! C-v2X
! ' Wireless Channel

LI4 ; Pure Noise
Perception Results c
- : BEV Fe @ @ F;

Y Detected Objects T T
! BEV Feature Perception s i S i)
Encoder N Head Segmentation — eman ICW emantic <«
| Extractor Extractor |
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Diff CPEIAEE(S. ITRSEERE LRTPRXR
= BESURRNA, EREENE

= BEHIREHEA, KRISAER AR RS

=SB EEREBRTSEESRBE (7 8E%)

0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350

(a) Ego-agent BEV, MSE=0.550 (b) Step=2, MSE=5.507 (c) Step=5, MSE=0.271

0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350

(d) Step=10, MSE=0.285 (e) Step=15, MSE=0.294 (f) Co-agent BEV, Target
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Diff CPELEXI 1N EREMESS RISH ﬂi
n  (NESYHIEHEZRRIANAZ BirkinEEm
m  ESOTARFERINEIFR A LEIN14. 565 F48 93—
..-..\ — Object Level
" RS EEE RSP R R S B N
0 A vaxwviT ﬁ
Method/Metric Data Rate AP@IoU=0.5 AP@IoU=0.7 g 91 ’"E*"Q;rsic“mm
0 compresse A
No Collaboration 0 73.25 58.22 | A CoBevT (compressed

Object-level 219 Kbps 86.46 79.21 - ——t— DIffCP with Top-25

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

V2VNet [§] 745 Mbps 91.35 82.43 o [

V2X-ViT [9] 745 Mbps 91.74 83.31 % 88 r

Where2Comm [15] 745 Mbps 90.46 84.22 S

ERMVP [13] 745 Mbps 92.18 85.59 E 87 x_/' A

CoBEVT (compressed) [10] 41 Mbps 90.47 84.76 86
+ DiftCP 80 Kbps 86.95 74.50 ]
+ DiffCP + Top-25 87.8 Kbps 89.18 78.75 B |l
+ 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, Y. Sun, S. Zhou, D. Gunduz and Z. Niu, “DIiffCP: Ultra-Low Bit Collaborative Perception via Diffusion Model,” 2025 IEEE
Conference on Robotics and Automation (ICRA), May 2025.
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Ego-vehicle ﬂ Infrastructure
—>|
Fusion ]-»[Perception}
N (a) Collaborative Perception

Fusion » Planning
(b) Vanilla Solution

+ —
Fusion HPrediction] » Planning
) (c) fusion at perception level
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— Sl 7y |l o = N
= [ESOTAImEimZ & RelA IR EIAHEE
N N N A N YTV N
= EIERERETT39.7%, HITIBERMEREIRTT77.2%, EEIERERETT23.4%
N Ay | ,|-‘-|\ A | 47
= TOUGRZEFE(R10.2%, MFEL2IRERFK25.6%, MiFEZREE(K20.0%

Method | Detection Tracking Online Mapping

mAPT mATE] | AMOTAT AMOTP) Recallf | Lane (%) Crossing (%)
UmAD?#* (Hu et al. 2023) 0.1%1 0.795 0.197 1.685 (.299 13.3 8.7
SparseDrive*® (Sun et al. 2024) | (.324 0.743 (0.130 1.680 (L3806 - 239
UniV2XT (Yu et al. 2025) 0.302 (0.7806 | (0.241 1.559 (.375 | 17.7 197
Ours 0.422 0.649 | 0.427 1.281) 0.535 | 194 24.3
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) 126 222 306 218 | 088 118 132 113 | 000 015 118 044
SparseDrive® (Sun et al. 2024) | 1.02 1.69 237 1.69 | 483 551 516 5.17 - - - -
CooperNaut (Cui et al. 2022) 383 526 6069 526 | 059 192 163 138 - - - -
UmV2X (Yu et al. 2025) 145 2,19 304 223 | 015 015 044 025 | 029 000 044 024
Ours | 0.88 1.57 254 1.66 | 0.15 029 015 020 | 029 059 015 034

ETFV2X&@(SaY =D BREAFHESR B
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Z. Song, C. Xia, C. Wang, H. Yu, S. Zhou and Z. Niu, “UniMM-V2X: MoE-Enhanced Multi-Level Fusion for End-to-End Cooperative Autonomous Driving,”
submitted to AAAI’26.
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HAEIT: RSP
5 a0

s.t. a; €V,

[ —/MOnline Restless Multi-Armed Bandit (RMAB)[aJg& ]

= EHRUCBEA:
gi(t) = gi + Bv/21nt/n,

= FREE g0 o l(avi—

Last-seen gain

ETFV2X&@(SaY =D

Confidence Bound
increases over time

Procedure:

| Determine the candidate
set of available CoVs V4

Schedule the new CoV

Schedule the CoV

with maximum UCB

a; = arg max g; (1)
\/ —

Request, Compress, Transmit,
Detect & Evaluate

Ta, =t 12
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a sufficient long trip T > Q(0~2) with a dynamic candidate
CoV set satisfying |V;| < 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™, 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 (Vmax02 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 (Vmax<72 10g3(1/g)) :

ETFV2X&@(SaY =D

O(o?)
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Average Recall
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70%
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T
| | I Closest CoV
. | BB Periodic ETC

| | = Earliest Activated

B sW-UCB

B MASS [Proposed]

L T

VT ETEETTTeTEs)

10% 30% 50%
CoV Ratio

VAT 2T T

70%

FHER AR TFEEEES

Average Recall

REREIEH

—
o N

—
(o)}

Average Regret
=
bo —

S
a

T T T T T T T T T

= = = Closest CoV 8 . |afd
«--E}+ Periodic ETC Opw Lo e §
~-B-- SW-UCB NETE YT

Earliest Activated ¥ B e T
—#e— MASS [Proposed] 3 i : N

._.
n

—
\]

10 20 30 40 50 60 70 80 90 100
Index of Parameter in Algorithms

FHRR AR TFEEELGE

EREPE(E

Learning Regret

Y. Jia, R. Mao, Y. Sun, S. Zhou, and Z. Niu, “MASS: Mobility-Aware Sensor Scheduling of Cooperative Perception for Connected Automated Driving," IEEE Trans.
Veh. Technol., 2023, 72(11):14962-14977.
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iEA;
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7 A 66227 2\ ALY 1MHz 1MHz
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m BIPEICEO.1FD, 1E£510,000/ B PR EY 25 S & 3iF
w EZEHEEH): 50%, ATAHBES: 2~6MHz

K

Ind Ind Ind Dnsd
90% . . . | "y D
88%
. PR BT L B Bk A 5 AR FH B Bl 25K 3.5%
(80.6%—84.1%)
R4% 2 o’
o A - = =PRI A CHARZO
s cevs B ST AR S5
a0, 3.5% - z——ﬁ%&im UK O
o C-MASS ({ i /dn H 45| | — .
S e AR 4 i &4, ?m?l‘” IEI$ 0-5%
80% 1 1 1 | | 1 1
2 25 3 3_5 4 4.5 5 5.5 6

{44444-:—‘—;

HEW %R (MHz)

Y. Jia, R. Mao, Y. Sun, Z. Nan, S. Zhou, and Z. Niu, “C-MASS: Combinatorial Mobility-Aware Sensor Scheduling for
Collaborative Perception with Second-Order Topology Approximation,” IEEE Trans. Vehicular Technology, accepted.
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DOLPHINS: Dataset for cOLIlaborative Perception enabled Harmonious and INterconnected Self-driving

s BEFFRAIEENZE CARLA FEE4E R, Scale vax — Dolphins(Ours
Y ; V2X-Sim

DAIR-V2X-C

= NLCEMB I ENEEEE S AR

. ARUE

m 3 42376 MEGE

u :/H\:292549 /I\3D¢/]_T;I"LI'@1Z|§ Extensibility
o EERRIE BRI ERERE
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www.dolphins-dataset.net

R. Mao, J. Guo, Y. Jia, Y. Sun, S. Zhou, and Z. Niu “DOLPHINS: Dataset for collaborative perception enabled harmonious and interconnected self-driving," Asian Conf.
Comput. Vision (ACCV), Dec. 2022.
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B Advantages: Large volume, @ ------ QQ @ f’é ----- @ """"""""""""""""" 4 @
. - a\\\/»—- s a EE : ﬁ ﬁi! i H\'\'i, .(’/ aii a = // 4 ﬁi
cooperative tasks, High label , N il e @ o P W A = 1™
: : . o -y 2 - oy A7 e oY -
density, More label information - S - A AN ool e S
B Benchmark methods in 3D !  — i T~ — i g~ t - W i
. l‘ Request of the ego vehicle 1::\ @,{ Benchmark model for scheduling 1::\ >4 Caleulated benchmark results '”‘ 24 Cooperation data (e.g. features) ’:
Stand-alone and Cooperatlve \‘-( Bre jests )—-—" \~--( Calculate Benchmarks )-—” \~--( Report Benchmarks )-—" \‘~--( indidate )-—"
0 bJ e Ct d et e Ctl O N an d ag e nt i Perception range of the ego vehicle & Ego Vehicle a Cooperation Candidates ﬁ Other Vehicles O Selected candidate
scheduling. MAP Scores on 3D Object Detection using Different Scheduling Policies (50m/100m)
B Implemented with . _ _ . .-
Inference \ Training  No Fusion = Closest Agent  Single Random  Multiple Random  Full Communication
MMdectection3D, easy to No Fusion 50.9/262  509/233 51.3/25.3 50.3/22.9 456/18.8
reproduce & modify Closest Agent 39.9/203  58.4/30.2 58.3/32.6 57.7/30.5 55.4/10.8
[ | Code and dataset avallable at Single Random 43.3/22.8 57.9/31.0 58.4/33.3 57.7/31.4 55.0/14.6
. . . MASS 55.5/11.0 58.8/33.7 58.9/34.0 57.3/32.3 54.1/27.4
https://github.com/chensiweiT o
Historical Best 54.8/29.6 58.6/31.7 58.9/34.0 58.3/32.6 54.1/27.4
H U/WHALES Multiple Random 34.5/16.9 60.7/35.1 61.2/37.1 61.4/36.4 58.8/12.9
Full Communication = 29.1/10.5 63.7/384 64.0/39.9 64.7/41.3 65.1/39.2
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https://github.com/ch
ensiweiTHU/WHALES

R. Wang, S. Chen, Z. Song, S. Zhou*, “WHALES: A Multi-agent Scheduling Dataset for Enhanced Cooperation in Autonomous Driving,” 2025 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS), Oct. 2025.
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Y. Jia, J. Zhang, S. Lu, B. Fan, R. Mao, S. Zhou, and Z. Niu, “Infrastructure-Assisted Collaborative Perception in Automated Valet Parking: A Safety
Perspective," IEEE VIC-Spring’24, May 2024.
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A58 TFAMSHERZ S RAEREL
. EATEEHERENEIREET, St -hESE R
EAESAL TR TR ES, EARE KRR
e RkesicE EiRBE oS HIKAIERE
BB HEFER Hhitiihte 3.0m/s | 40m/s | 5.0m/s | 6.0m/s | 7.0m/s | 8.0m/s | 9.0m/s | 10.0m/s
7 0/20 1/20 3/20 3/20
Bk S ES 0/20 0/20 1/20 2/20 2/20
B+ T K 0/20 0/20 1720 2/20 1720
7 0/20 0/20 1/20 1720 1/20
B+ BUEEIA Bk 0/20 0/20 2/20 1720 1/20
TG+ BOCEIR 0/20 0/20 1/20
| FIFBERGD, EaESAENR SRR 7~11km/h |
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