SocialMOIF: Multi-Order Intention Fusion for Pedestrian Trajectory Prediction

Supplementary Material

1. Definition of Metrics

The optimal prediction is utilized to calculate the average
displacement error (ADE) and the final displacement error
(FDE), which serve as the main metrics [1]. Additionally,
the negative log likelihood (NLL) estimated from the test
set is reported [16].

(1) Average Displacement Error (ADE): the average Eu-
clidean distance between the ground truth coordinates and
the predicted coordinates at all the predicted moments.
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(2) Final Displacement Error (FDE): the Euclidean dis-
tance between the predicted point and the true point on the
ground at the final prediction moment 7'p.

Z(N,L+1
(Nn +1)

"TP ~Tp
glgt

FDE = 2)

(3) Negative Log-Likelihood (NLL): how well the pre-
dicted trajectory matches the true trajectory for the entire
prediction period for each agent.
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2. Implementation Details of Training

The Adam optimizer, which is an extension of stochastic
gradient descent, integrates both momentum and adaptive
learning rate strategies. This optimizer was employed dur-
ing the training phase of the SocialMOIF to enhance both
the speed and stability of training. The details of the hyper-
parameters were reported in Table 1.

3. Baselines in the Comparison Experiments

We conducted a evaluation of our SocialMOIF model
against several state-of-the-art prediction approaches,
which were succinctly outlined below.

e FLEAM [1]: It used an image semantic segmentation
algorithm to obtain multi-category obstacle information
and designed an end-to-end fully convolutional LSTM
encoder-decoder with an attention mechanism to over-
come the shortcomings of LSTM.

Table 1. Performing hyperparameters for each scenario. Due to the
different characteristics of each scenario, there were differences in
the corresponding hyperparameters.

‘ Epoch Learning Rate Batch Size
Eth 1000 le-4 32
Hotel 1000 Te-4 32
ETH/UCY Univ 1000 le-3 32
Zara01 1000 3e-4 32
Zara02 1000 Se-4 32
SDD | sDD | 1000 Te-4 32
Rebound 2000 le-4 32
NBA ‘ Scores ‘ 2000 le-4 32
Nuscenes | Nuscenes | 3000 le-4 32

* ST-MR [3]: This paper aimed to forecast multiple paths
based on a historical trajectory by modeling multi-scale
graph-based spatial transformers combined with a trajec-
tory smoothing algorithm named "Memory Replay” uti-
lizing a memory graph.

e MTN [17]: It proposed an efficient multimodal trans-
former network that aggregated the trajectory and ego-
vehicle speed variations at a coarse granularity and inter-
acted with the optical flow at a fine-grained level to fill
the vacancy of highly dynamic motion.

* MANTRA [6]: It incorporated scene knowledge in the
decoding state by learning a CNN on top of semantic
scene maps. Memory growth was limited by learning a
writing controller based on the predictive capability of ex-
isting embeddings.

» Agent-former [18]: This paper proposed a new Trans-

former, termed AgentFormer, that simultaneously mod-

eled the time and social dimensions. The model leveraged

a sequence representation of multi-agent trajectories by

flattening trajectory features across time and agents.

Bitrap [16]: It presented BiTraP, a goal-conditioned

bi-directional multi-modal trajectory prediction method

based on the CVAE. BiTraP estimated the goal of tra-
jectories and introduced a novel bidirectional decoder to
improve longer-term trajectory prediction accuracy.

MemoNet [14]: This paper imitated the mechanism of

retrospective memory in neuropsychology and proposed

MemoNet, an instance-based approach that predicted the

movement intentions of agents by looking for similar sce-

narios in the training data.

* EqMotion [15]: To achieve motion equivariance, this

paper proposed an equivariant geometric feature learn-

ing module to learn a Euclidean transformable feature
through dedicated designs of equivariant operations.

V2-Net [10]: It propose a hierarchical network V2 -Net,



Table 2. Comparison of the Negative Log-Likelihood estimation results of related methods on ETH/UCY, NBA, SDD, and NuScenes

datasets. High probabilities meaned low NLL.

\ Eth Hotel Univ Zara01 Zara02 Rebound Scores SDD Nuscene
MANTRA [6] 3.36 0.67 0.73 0.98 0.06 3.06 3.24 3.36 4.03
PECNet [4] 3.28 0.16 0.86 0.66 0.13 2.87 3.03 3.28 3.92
Trajection++ [8] 2.26 —0.52 0.36 0.12 —0.92 2.56 2.81 2.26 3.24
BiTraP [16] 3.69 0.49 0.79 0.56 —0.58 3.21 3.54 3.69 3.74
SGNet [9] 2.65 0.94 1.41 0.24 —0.69 3.41 2.95 2.65 2.97
GroupNet+CVAE [13] 1.36 —1.23 0.66 —0.58 —2.74 1.98 1.82 —0.24 1.96
Ours \ 0.82 —1.84 —0.32 —1.21 —2.97 1.71 0.94 —1.61 1.24

which contains two sub-networks, to hierarchically model
and predict agents’ trajectories with trajectory spectrums.
E-V2-Net [11]:This paper brought a new “view” for tra-
jectory prediction to model and forecast trajectories hier-
archically according to different frequency portions from
the spectral domain and learned to forecast trajectories by
considering their frequency responses.

SocialCircle [12]:Inspired by marine animals that local-
ize the positions of their companions underwater through
echoes, it built a new anglebased trainable social interac-
tion representation, named SocialCircle, for continuously
reflecting the context of social interactions at different an-
gular orientations relative to the target agent.

SGNet [9]: It presented a recurrent network called Step-
wise Goal-Driven Network. It incorporated an encoder
that captured historical information, a stepwise goal esti-
mator that predicted successive goals into the future, and
a decoder that predicted future trajectories.

GroupNet [13]: It proposed a trainable multiscale hyper-
graph to capture both pair-wise and group-wise interac-
tions at multiple group sizes. From the aspect of interac-
tion representation learning, it proposed a three-element
format that could be learned end-to-end and explicitly
reasoned some relational factors including the interaction
strength and category.

SHENet [7]: This paper proposed to forecast a person’s
future trajectory by learning from implicit scene regu-
larities. It categorized scene history information into
two types: historical group trajectory and individual-
surroundings interaction.

MID [2]: It presented a new framework that formulated
the trajectory prediction task as a reverse process of mo-
tion indeterminacy diffusion. It adjusted the length of the
chain to control the degree of indeterminacy and balanced
the diversity and determinacy of the predictions.

Y-Net [5]: It modeled epistemic uncertainty through mul-
timodality in long-term goals and aleatoric uncertainty
through multimodality in waypoints and paths.
NSP-SFM [19]: This paper proposed Neural Social
Physics combining both methodologies based on a new
Neural Differential Equation model. It was a deep neural
network within which it used an explicit physics model

with learnable parameters.

* PECNet [4]: This paper presented Predicted Endpoint
Conditioned Network for flexible human trajectory pre-
diction. PECNet inferred distant trajectory endpoints to
assist in long-range multi-modal trajectory prediction.

* Trajectiopn++ [8]: It presented Trajectron++, a modular,
graph-structured recurrent model that forecasted the tra-
jectories of a general number of diverse agents while in-
corporating agent dynamics and heterogeneous data.

4. Comparison Experiments on NLL Metrics

The trajectory distribution approximator captured the dis-
tribution of latent variables while continuously updated it
through RNN joint predictions. The results in Table. 2 in-
dicated that the proposed method effectively captured dy-
namic changes in agents. The findings demonstrated supe-
rior prediction quality across all scenarios in each dataset,
showing higher probabilities (lower NLL) on Ground Truth
trajectories.

5. Experimental Analysis on Directional Com-
ponent A

Experiments were conducted on NBA dataset using three
methods with similar loss function architectures. As shown
in Table 3, the inclusion of Component A led to reductions
in both ADE and FDE metrics. This suggested that the di-
rectional component in the loss function was beneficial not
only for the method proposed in this study but also signif-
icantly enhanced other models. This outcome further sup-
ported the plug-and-play characteristic of Component A.

6. Qualitative Analysis on NBA Dataset

Fig. 1 visualized the trajectory predictions of the proposed
method on the Rebound and Scores subsets. In (al), (a4),
and (b5), the target agents moved along the court bound-
aries, and SocialMOIF did not predict trajectories beyond
these boundaries. This demonstrated that SocialMOIF not
only learned complex interaction patterns between agents
but also understood the existence of boundary constraints.
In (a2), (b4), and (b8), the target agents made sudden turn-
ing decisions to counter opponents, and SocialMOIF suc-
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Figure 1. Visualization of predictions in NBA datasets(Rebound and Scores). Each target agent included 20 randomly generated trajecto-
ries. The best predictions were shown in red. Basketball was also treated as neighbors.

Table 3. Comparison experiments of Component A with other
methods.

| A Rebound Scores
BiTraP [16] ‘ 0.86/1.88 0.76/1.55
‘ Vv 0.84/1.79 0.72/1.49
SGNet [9] ‘ 0.80/1.78 0.71/1.45
‘ Vv 0.78/1.72 0.66/1.39
GroupNet+CVAE [13] | 0.63/0.84 0.46/0.76
‘ vV 0.58/0.78 0.44/0.72

cessfully captured these adversarial strategies, accurately
predicting their future trajectories. In (a3), (a5), (a6),
and (b7), the target agents exhibited relatively conservative
movement behaviors. In addition to providing accurate pre-
dictions, SocialMOIF offered decision-making options in
multiple directions, showcasing its versatility in handling
diverse scenarios.

7. Limitation and Future Work

SociaMOIF revisits social interactions among agents from
a fresh perspective. While this method provides valuable
insights, relying solely on historical trajectory data poses

challenges in fully capturing the agents’ intentions. To ad-
dress this limitation, future work will enhance the model
by integrating heterogeneous data, enabling the network
to learn richer semantic information and better understand
complex social dynamics.
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