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Abstract : For autonomous vehicles(AVs) to drive in a safe, efficient, and socially collaborative way, it is essential to
consider interactions with surrounding agents(SAs). However, existing motion planning methods for AVs face two
significant challenges: reasoning about the ego vehicle’s plan impact on SAs’ behavior and handling the uncertain intentions
of SAs. Most studies have addressed these challenges individually but have limited focus on solving both simultaneously.
Hence, this paper proposed a conditional multi-modal motion prediction(CMMP) and cost evaluation for tree policy
planning. CMMP models the future impact of the ego vehicle’s plan using trajectory candidates and handles the uncertainty
of SAs’ intentions through multimodal prediction. The cost evaluation robustly assesses trajectory candidates under
uncertainty using multiple trajectories and their probabilities. Experimental results demonstrated that the suggested approach
improves prediction accuracy and generates trajectories more similar to expert driving, compared to a baseline using
conditional unimodal prediction and general cost evaluation.

Key words : Autonomous vehicle(RF&53 AF=2}), Motion planning(AZE A2l), Motion prediction(FZE =),
Uncertainty-awareness(&=214] Q1A)), Interaction-awareness(48 22 Q1))

Nomenclature [ : predicted trajectories of surrounding agents
sur . e . . .
. : predicted probabilities of predicted trajectories
v : velocity, m/s pCs™) :p p p y
p 2
: acceleration, m/s .

’ Subscripts

to : start time of planning stage, s
. . AV : autonomous vehicle

tp : end time of planning stage, s

. . SA : surrounding agent
c : cost of candidate trajectory £ag

. CMMP : conditional multi-modal motion prediction
Na : number of neighbors
Nm : number of prediction modalities
. . M2

Nb : number of ego trajectory candidate branches LM E
N, : number of planning stage AT AR AYE FH dolHdES] FRE 45
g : ego vehicle’s trajectory candidates Avtel W AR W ASARE E &2 A}x}eFo] 7ol &
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Fig. 1 Framework of the proposed method
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Fig. 2 Framework of CMMP and cost evaluation
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