


sequence might change in the next time step.

In this paper, we propose an innovative model called
Density-Adaptive Model based on Motif Matrix for Multi-
Agent Trajectory Prediction (DAMM). With the aid of motif
matrix, our model effectively captures the dynamic of in-
teraction (further elaboration can be found in Section 3.2).
Based on the motif matrix, our model consists of two es-
sential components: spatial and temporal adaptation. In the
Adaptive Spatial Interaction (ASI) block, we select neigh-
bor ranges adaptively by considering multi-scale features.
We then aggregate the motif matrix in the temporal dimen-
sion to capture the underlying interactions between the tar-
get agent and its neighbors. This process is akin to select-
ing nodes in a graph network. In the Adaptive Temporal
Interaction (ATI) block, we determine the probability of in-
teraction between agents based on the selections made in
the ASI block. Higher probabilities during interaction with
neighbors result in greater assigned weights. These varying
weights constitute the edges in a graph network. Finally,
the features of nodes and edges generated by ASI and ATI
are input into the Graph Attention Network (GAT) [47] to
extract attentive interaction features.

To summarize, the main contributions of this paper are:
1. Our model tackles the challenge of heterogeneous traffic

densities, enabling dynamic capture of interaction fea-

tures in neighbor selection and interaction probability.

2. We use motif matrix to achieve higher-order connectivity
in clustering complex networks for fine-grained interac-
tion modeling.

3. The results indicate that our model significantly en-
hances performance, with improvements of up to
19.77% in ADE (average displacement error) and 2.38%
in FDE (final displacement error).

2. Related work

Trajectory Prediction. The methods for trajectory pre-
diction can be broadly classified into four categories [18].
These include: (i) Physics-based methods, e.g., single tra-
jectory [29], Monte Carlo [5] and Kalman filtering [41];
(ii) Classic machine learning methods, e.g., Gaussian pro-
cess [22], dynamic Bayesian network [21], hidden Markov
model [3] and support vector machine [40]; (iii) Deep learn-
ing methods, for instance, sequential network [48], gener-
ative model [20] and graph neural networks (GNN) [42];
and (iv) Reinforcement learning methods, e.g., deep inverse
reinforcement learning [55], inverse reinforcement learning
[1] and generative adversarial imitation learning [58].

Model of Multi-Agent. Multi-agent models play a cru-
cial role in vehicle trajectory prediction by describing the
relationship and influence between vehicles, which is a sig-
nificant component of interaction. In SMART [44] sim-
ulates diverse trajectories in the top view and proposes a

novel method that generates diverse predictions while con-
sidering scene semantics and multi-agent interactions. Grin
[26] proposes a conditional deep generative model that in-
tegrates advancements in GNN. GroupNet [52] introduces
a trainable multi-scale hypergraph to capture pairwise and
group-wise interactions at multiple group sizes. Despite
these advancements, current methods don’t consider the im-
pact of density on interaction, here we model for varying
density for adaptive describe the interaction between agents.

Heterogeneous Traffic Density. Heterogeneous traffic
flow density refers to the distribution of vehicles with dif-
ferent characteristics, such as sizes or speeds, within a spe-
cific area or road network. The impact of heterogeneous
traffic density on vehicle trajectory prediction mainly in-
cludes these aspects: Firstly, it increases interaction com-
plexity [8, 31, 51]. Furthermore, it causes changes in
driving behavior, such as car-following and lane-changing
[25, 35]. Besides, it causes changes in traffic flow [30, 39].
Therefore, accurate vehicle trajectory prediction requires
accounting for heterogeneous traffic density. However, ex-
isting methods focus only on the before and after states
without a dynamic process. So we model this process adap-
tively in spatial and temporal dimensions, which captures
the interaction changes caused by varying density.

3. Preliminary
3.1. Problem Formulation

In a traffic scenario with N agents, referred to as vehi-
cles Vi fori 2 4 = f1, | Ng, the history trajectory
X of Vi over time steps ¢ 2 [ t_,0] is represented as
Xi= (pi_t ,,p?), and the future trajectory Y over time
steps t 2 [1,¢.] is represented as Y; = (pi, ,p}*). Each
state p; is characterized by four dimensions, encompassing
the agent’s positions (z, ), speed, and heading.

We aim to predict the distribution of future trajectories
p(YjX, Z) based on history trajectory X and feature infor-
mation Z. For the future behavior of each agent, we intro-
duce a set of latent variables of agentias =T jg;c\ .
and rewrite the futu)r(e trajectory distribution as

BT £ X.2) p( X, 2)
> ipD D (1)
Wlth[ i = Si[ tl]/\[ Si\ ti&;]7

where g, corresponds to spatial featuresand ¢, represents
temporal features. We employ the Conditional Variational
AutoEncoder (CVAE) framework for accuracy and general-
ization. For further details, please refer to Appendix 7.

3.2. Motif matrix

Dynamic capturing and describing of interactions among
agents are crucial, involving the separation of agents inter-

p(YjX,2) =

14823


















References

[1]

(2]

(3]

[4]

[5]

[6]

[7]

(8]

(9]

[10]

[11]

[12]

[13]

Rushdi Alsaleh and Tarek Sayed. Modeling pedestrian-
cyclist interactions in shared space using inverse reinforce-
ment learning. Transportation research part F: traffic psy-
chology and behaviour, 70:37-57, 2020. 2

Gorkay Aydemir, Adil Kaan Akan, and Fatma Giiney. Adapt:
Efficient multi-agent trajectory prediction with adaptation. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 8295-8305, 2023. 6

Samet Ayhan and Hanan Samet. Aircraft trajectory predic-
tion made easy with predictive analytics. In Proceedings of
the 22nd ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining, pages 21-30, 2016. 2
Austin R Benson, David F Gleich, and Jure Leskovec.
Higher-order organization of complex networks. Science,
353(6295):163-166, 2016. 3

Adrian Broadhurst, Simon Baker, and Takeo Kanade. Monte
carlo road safety reasoning. In IEEE Proceedings. Intelligent
Vehicles Symposium, 2005., pages 319-324. IEEE, 2005. 2
Holger Caesar, Varun Bankiti, Alex H. Lang, Sourabh Vora,
Venice Erin Liong, Qiang Xu, Anush Krishnan, Yu Pan,
Giancarlo Baldan, and Oscar Beijbom. nuscenes: A mul-
timodal dataset for autonomous driving. arXiv preprint
arXiv:1903.11027, 2019. 5, 2

Sergio Casas, Cole Gulino, Simon Suo, Katie Luo, Renjie
Liao, and Raquel Urtasun. Implicit latent variable model for
scene-consistent motion forecasting. In Computer Vision—
ECCV 2020: 16th European Conference, Glasgow, UK, Au-
gust 23-28, 2020, Proceedings, Part XXIII 16, pages 624—
641. Springer, 2020. 5

Rohan Chandra, Uttaran Bhattacharya, Aniket Bera, and Di-
nesh Manocha. Traphic: Trajectory prediction in dense and
heterogeneous traffic using weighted interactions. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 8483-8492, 2019. 2
Ming-Fang Chang, John W Lambert, Patsorn Sangkloy, Jag-
jeet Singh, Slawomir Bak, Andrew Hartnett, De Wang, Peter
Carr, Simon Lucey, Deva Ramanan, and James Hays. Argov-
erse: 3d tracking and forecasting with rich maps. In Confer-
ence on Computer Vision and Pattern Recognition (CVPR),
2019. 5,2

Hao Cheng, Mengmeng Liu, Lin Chen, Hellward Broszio,
Monika Sester, and Michael Ying Yang. Gatraj: A graph-and
attention-based multi-agent trajectory prediction model. 1S-
PRS Journal of Photogrammetry and Remote Sensing, 205:
163-175, 2023. 6

Sehwan Choi, Jungho Kim, Junyong Yun, and Jun Won
Choi. R-pred: Two-stage motion prediction via tube-query
attention-based trajectory refinement. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 8525-8535, 2023. 6

Nachiket Deo and Mohan M Trivedi. Convolutional social
pooling for vehicle trajectory prediction. In Proceedings of
the IEEE conference on computer vision and pattern recog-
nition workshops, pages 1468-1476, 2018. 1

Gary William Flake, Robert E Tarjan, and Kostas Tsiout-

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

siouliklis. Graph clustering and minimum cut trees. Internet
Mathematics, 1(4):385-408, 2004. 3

Thomas Gilles, Stefano Sabatini, Dzmitry Tsishkou, Bog-
dan Stanciulescu, and Fabien Moutarde. Gohome: Graph-
oriented heatmap output for future motion estimation. In
2022 international conference on robotics and automation
(ICRA), pages 9107-9114. IEEE, 2022. 6

Thomas Gilles, Stefano Sabatini, Dzmitry Tsishkou, Bog-
dan Stanciulescu, and Fabien Moutarde. Thomas: Trajectory
heatmap output with learned multi-agent sampling. In Inter-
national Conference on Learning Representations, 2022. 6
Roger Girgis, Florian Golemo, Felipe Codevilla, Martin
Weiss, Jim Aldon D’Souza, Samira Ebrahimi Kahou, Felix
Heide, and Christopher Pal. Latent variable sequential set
transformers for joint multi-agent motion prediction. arXiv
preprint arXiv:2104.00563, 2021. 6

Kaiming He, Xiangyu Zhang, Shaoging Ren, and Jian Sun.
Spatial pyramid pooling in deep convolutional networks for
visual recognition. IEEE Trans. Pattern Anal. Mach. Intell.,
37(9):1904-19186, 2015. 4

Yanjun Huang, Jiatong Du, Ziru Yang, Zewei Zhou, Lin
Zhang, and Hong Chen. A survey on trajectory-prediction
methods for autonomous driving. IEEE Transactions on In-
telligent Vehicles, 7(3):652-674, 2022. 1, 2

Boris Ivanovic and Marco Pavone. The trajectron: Proba-
bilistic multi-agent trajectory modeling with dynamic spa-
tiotemporal graphs. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, pages 2375-2384,
2019. 1

Boris Ivanovic, Karen Leung, Edward Schmerling, and
Marco Pavone. Multimodal deep generative models for tra-
jectory prediction: A conditional variational autoencoder ap-
proach. IEEE Robotics and Automation Letters, 6(2):295—
302, 2020. 2

Yuande Jiang, Bing Zhu, Shun Yang, Jian Zhao, and Weiwen
Deng. Vehicle trajectory prediction considering driver un-
certainty and vehicle dynamics based on dynamic bayesian
network. IEEE Transactions on Systems, Man, and Cyber-
netics: Systems, 2022. 2

Kihwan Kim, Dongryeol Lee, and Irfan Essa. Gaussian pro-
cess regression flow for analysis of motion trajectories. In
2011 International Conference on Computer Vision, pages
1164-1171. IEEE, 2011. 2

Mihee Lee, Samuel S Sohn, Seonghyeon Moon, Sejong
Yoon, Mubbasir Kapadia, and Vladimir Pavlovic. Muse-
vae: multi-scale vae for environment-aware long term tra-
jectory prediction. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
2221-2230, 2022. 6

Jiachen Li, Fan Yang, Masayoshi Tomizuka, and Chiho
Choi. Evolvegraph: Multi-agent trajectory prediction with
dynamic relational reasoning. Advances in neural informa-
tion processing systems, 33:19783-19794, 2020. 1

Jie Li, Han Shi, Yue Guo, Guangjie Han, Ruiyun Yu, and
Xingwei Wang. Tragcan: Trajectory prediction of heteroge-
neous traffic agents in iov systems. IEEE Internet of Things
Journal, 10(8):7100-7113, 2022. 2



[26]

[27]

[28]

[29]

[30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

Longyuan Li, Jian Yao, Li Wenliang, Tong He, Tianjun Xiao,
Junchi Yan, David Wipf, and Zheng Zhang. Grin: Genera-
tive relation and intention network for multi-agent trajectory
prediction. Advances in Neural Information Processing Sys-
tems, 34:27107-27118, 2021. 2

Linhui Li, Xuecheng Wang, Dongfang Yang, Yifan Ju,
Zhongxu Zhang, and Jing Lian. Real-time heterogeneous
road-agents trajectory prediction using hierarchical convolu-
tional networks and multi-task learning. IEEE Transactions
on Intelligent \Vehicles, 2023. 6

Maohan Liang, Ryan Wen Liu, Yang Zhan, Huanhuan Li,
Fenghua Zhu, and Fei-Yue Wang. Fine-grained vessel traf-
fic flow prediction with a spatio-temporal multigraph convo-
lutional network. IEEE Transactions on Intelligent Trans-
portation Systems, 23(12):23694-23707, 2022. 1
Chiu-Feng Lin, A Galip Ulsoy, and David J LeBlanc. Ve-
hicle dynamics and external disturbance estimation for vehi-
cle path prediction. IEEE Transactions on Control Systems
Technology, 8(3):508-518, 2000. 2

Shuncheng Liu, Xu Chen, Ziniu Wu, Liwei Deng, Han Su,
and Kai Zheng. Hega: Heterogeneous graph aggregation
network for trajectory prediction in high-density traffic. In
Proceedings of the 31st ACM International Conference on
Information & Knowledge Management, pages 1319-1328,
2022. 2

Yuexin Ma, Xinge Zhu, Sibo Zhang, Ruigang Yang, Wen-
ping Wang, and Dinesh Manocha. Trafficpredict: Trajec-
tory prediction for heterogeneous traffic-agents. In Proceed-
ings of the AAAI conference on artificial intelligence, pages
6120-6127, 2019. 2

Yecheng Jason Ma, Jeevana Priya Inala, Dinesh Jayaraman,
and Osbert Bastani. Likelihood-based diverse sampling for
trajectory forecasting. In Proceedings of the IEEE/CVF In-
ternational Conference on Computer Vision, pages 13279-
13288, 2021. 6

Ron Milo, Shai Shen-Orr, Shalev Itzkovitz, Nadav Kashtan,
Dmitri Chklovskii, and Uri Alon. Network motifs: simple
building blocks of complex networks. Science, 298(5594):
824-827, 2002. 3

Xiaoyu Mo, Zhiyu Huang, Yang Xing, and Chen Lv.
Multi-agent trajectory prediction with heterogeneous edge-
enhanced graph attention network. IEEE Transactions on
Intelligent Transportation Systems, 23(7):9554-9567, 2022.
1

Sangram Krishna Nirmale, Abdul Rawoof Pinjari, and An-
shuman Sharma. A discrete-continuous multi-vehicle antic-
ipation model of driving behaviour in heterogeneous disor-
dered traffic conditions. Transportation Research Part C:
Emerging Technologies, 128:103144, 2021. 2

Daehee Park, Hobin Ryu, Yunseo Yang, Jegyeong Cho,
Jiwon Kim, and Kuk-Jin Yoon. Leveraging future rela-
tionship reasoning for vehicle trajectory prediction. In In-
ternational Conference on Learning Representations (ICLR
2023). Eleventh International Conference on Learning Rep-
resentations, 2023. 6

Bimsara Pathiraja, Shehan Munasinghe, Malshan
Ranawella, Maleesha De Silva, Ranga Rodrigo, and

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

14831

Peshala Jayasekara. Class-aware attention for multimodal
trajectory prediction. arXiv preprint arXiv:2209.00062,
2022. 7

Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas.
Pointnet: Deep learning on point sets for 3d classification
and segmentation. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pages 652—660,
2017. 5

Zhen Sean Qian, Jia Li, Xiaopeng Li, Michael Zhang,
and Haizhong Wang. Modeling heterogeneous traffic flow:
A pragmatic approach. Transportation Research Part B:
Methodological, 99:183-204, 2017. 2

Zhibin Qiu, Jiangjun Ruan, Daochun Huang, Ziheng Pu, and
Shengwen Shu. A prediction method for breakdown voltage
of typical air gaps based on electric field features and sup-
port vector machine. IEEE Transactions on Dielectrics and
Electrical Insulation, 22(4):2125-2135, 2015. 2

Jens Schulz, Constantin Hubmann, Julian Ldchner, and Dar-
ius Burschka. Multiple model unscented kalman filtering in
dynamic bayesian networks for intention estimation and tra-
jectory prediction. In 2018 21st International Conference
on Intelligent Transportation Systems (ITSC), pages 1467—
1474. |IEEE, 2018. 2

Zihao Sheng, Yunwen Xu, Shibei Xue, and Dewei Li. Graph-
based spatial-temporal convolutional network for vehicle tra-
jectory prediction in autonomous driving. IEEE Transactions
on Intelligent Transportation Systems, 23(10):17654—17665,
2022. 2

Haoran Song, Wenchao Ding, Yuxuan Chen, Shaojie Shen,
Michael Yu Wang, and Qifeng Chen. Pip: Planning-
informed trajectory prediction for autonomous driving. In
Computer Vision-ECCV 2020: 16th European Conference,
Glasgow, UK, August 23-28, 2020, Proceedings, Part XXI
16, pages 598-614. Springer, 2020. 1

NN Sriram, Buyu Liu, Francesco Pittaluga, and Manmohan
Chandraker. Smart: Simultaneous multi-agent recurrent tra-
jectory prediction. In Computer Vision—-ECCV 2020: 16th
European Conference, Glasgow, UK, August 23-28, 2020,
Proceedings, Part XXVII 16, pages 463-479. Springer, 2020.
2

William G Underwood, Andrew Elliott, and Mihai Cu-
curingu. Motif-based spectral clustering of weighted di-
rected networks. Applied Network Science, 5(1):1-41, 2020.
3

Balakrishnan Varadarajan, Ahmed Hefny, Avikalp Srivas-
tava, Khaled S Refaat, Nigamaa Nayakanti, Andre Cornman,
Kan Chen, Bertrand Douillard, Chi Pang Lam, Dragomir
Anguelov, et al. Multipath++: Efficient information fu-
sion and trajectory aggregation for behavior prediction. In
2022 International Conference on Robotics and Automation
(ICRA), pages 7814-7821. IEEE, 2022. 6

Petar Velickovi¢c, Guillem Cucurull, Arantxa Casanova,
Adriana Romero, Pietro Lio, and Yoshua Bengio. Graph at-
tention networks. arXiv preprint arXiv:1710.10903, 2017. 2,
1

Chengxin Wang, Shaofeng Cai, and Gary Tan. Graphtcn:
Spatio-temporal interaction modeling for human trajectory






