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Abstract— Accurate prediction of real-world pedestrian tra-
jectories is crucial for a wide range of robot-related appli-
cations. Recent approaches typically adopt graph-based or
transformer-based frameworks to model interactions. Despite
their effectiveness, these methods either introduce unnecessary
computational overhead or struggle to represent the diverse
and time-varying characteristics of human interactions. In this
work, we present an Adaptive Relational Transformer (ART),
which introduces a Temporal-Aware Relation Graph (TARG)
to explicitly capture the evolution of pairwise interactions and
an Adaptive Interaction Pruning (AIP) mechanism to reduce
redundant computations efficiently. Extensive evaluations on
ETH/UCY and NBA benchmarks show that ART delivers state-
of-the-art accuracy with high computational efficiency.

I. INTRODUCTION

Pedestrian trajectory prediction aims to forecast future
locations of pedestrians given observed trajectories. It is a
key component of human-robot interaction [1], [16], au-
tonomous driving systems [6], [25], and smart surveillance
infrastructure [21], [19]. Accurate prediction of real-world
pedestrian trajectories is crucial for robot-related applica-
tions, including human-aware robot navigation [7], [10] and
collision avoidance systems [38], [22]. However, pedestrian
trajectory prediction remains challenging due to the inherent
stochasticity of motion behaviors and social interactions.

Early approaches to pedestrian trajectory prediction mod-
eled social interactions using pooling-based strategies that
aggregate information from nearby pedestrians through fixed
spatial windows [2], [14] or occupancy maps [37], [13].
To enable explicit and expressive interaction modeling, two
main directions have emerged. On the one hand, graph-
based methods encode pedestrians as nodes and model their
pairwise interactions as edges, enabling structured message-
passing via graph neural networks [20], [21], [35], [23].
Specifically, these methods propagate interaction features
via a message-passing paradigm over graph structures to
model social influence among pedestrians. On the other hand,
transformer-based approaches [17], [30], [39], [40] leverage
self-attention mechanisms [31] to model interactions by
dynamically weighting the influence of surrounding agents
across both spatial and temporal dimensions, providing a
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Fig. 1. Framework overview. Framework overview. The relation between
pedestrians is inferred from the temporal evolution of their pairwise inter-
actions over the observed history.

flexible framework for capturing long-range dependencies
and complex motion patterns.

Despite these advances, previous methods either incur
redundant computation or fail to capture the heterogeneous
and evolving nature of pedestrian interactions. Pedestrian
trajectories contain rich spatial-temporal information, yet
existing methods [17], [35], [30], [29] construct pair-wise
relations based on temporally aggregated representations,
where trajectory sequences are compressed into static node
features and relational reasoning is performed on these
representations, thereby overlooking the dynamic evolution
of interactions and time-varying strength. In addition, many
methods construct social graphs using uniform neighbor
selection, such as fully connected graphs [17], [28] or top-
k based neighbor selection [21], [35], which ignore the
heterogeneous nature of pedestrian interactions.

In this work, we propose an Adaptive Relational Trans-
former (ART), a lightweight Transformer-based framework
for pedestrian trajectory prediction. First, to explicitly cap-
ture the temporal evolution of pairwise interactions, we
introduce a Temporal-Aware Relation Graph (TARG). Un-
like existing methods that compress multi-step trajectories
into static embeddings before computing pairwise relations,
TARG leverages pairwise attention [15] to model agent inter-
actions at each time step and aggregates them via learnable
weights, providing a temporally-aware relation modeling
where informative time steps (e.g., moments of close proxim-
ity or directional change) receive higher weights, while less
relevant moments contribute minimally to the final pairwise
relations (see Figure 1). Second, to reduce redundancy in
dense interaction graphs, we propose Adaptive Interaction
Pruning (AIP) via top-p filtering, which adaptively selects
informative neighbors based on interaction strength [24],
rather than enforcing a fixed top-k neighborhood. For each
agent, only neighbors whose attention weights jointly exceed
a threshold p are retained, resulting in an adaptively sparsi-
fied interaction graph that retains only informative neighbors.
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Overview of ART. Left: Temporal-Aware Relation Graph (TARG) leverages pairwise attention to model agent interactions across time steps,

assigning higher weights to informative moments. Right: Adaptive Interaction Pruning (AIP) uses top-p filtering to adaptively retain informative neighbors
based on cumulative interaction strength, producing a sparsified graph for trajectory prediction.

The proposed ART achieves state-of-the-art (SOTA) re-
sults on both the ETH/UCY [27], [18] and NBA SportVU
[26] benchmarks while maintaining superior computational
efficiency over prior approaches. The main contributions are:

« We propose an Adaptive Relational Transformer (ART),
a lightweight Transformer-based framework for pedes-
trian trajectory prediction that explicitly models social
interactions while maintaining computational efficiency.
We introduce a Temporal-Aware Relation Graph
(TARG) that explicitly models pairwise pedestrian in-
teractions by accounting for the relative importance of
different time steps.

We propose Adaptive Interaction Pruning (AIP) via
top-p filtering to adaptively sparsify dense interaction
graphs based on cumulative interaction strength, reduc-
ing redundancy and improving adaptivity.

II. METHOD
A. Problem Formulation

Pedestrian trajectory prediction aims to infer pedestrians’
future movements from their observed trajectories. Consider
a scene containing M pedestrians observed over T}, time
steps. The historical trajectory of pedestrian ¢ is represented
as pl' = {(a,y) | (aly!) € B2t = L,...,T,}, where
(xt,y!) denotes the 2D spatial coordinates at time step t.
The corresponding ground-truth (GT) future trajectory over
a prediction horizon of T’ time steps is denoted as pf =
{(zt,y}) |t =Tn+1,...,T,+T¢}. By stacking trajectories
of all pedestrians, the observed and GT trajectories can be
expressed as P" € RM*Thx2 and P/ € RM*Trx2  The
training objective minimizes the discrepancy between the
predicted trajectories P/ and the ground-truth P/,

B. Temporal-Aware Relation Graph Construction

Existing graph construction methods compress P; €
RM*Tnx2 jpto static embeddings before computing pairwise
weights, losing temporal information about when interactions
occur. As shown in Figure 2 (Left), we propose Temporal-
Aware Relation Graph (TARG), which preserves temporal
attribution by applying attention over observation sequences
before spatial aggregation.

We encode the observed trajectories into high-dimensional
features. Given Pj, € RM*TrX2 e apply a linear projection
with positional encoding to obtain temporal node features:

H = PosEnc(W;,Pj,) € RM*Thxd ey

where Wi, € R%*? is a learnable projection matrix, d
is the hidden dimension, and PosEnc(:) denotes sinusoidal
positional encoding [31] that injects temporal information.

To capture time-varying interactions between pedestrian
pairs, we reshape H from RM*Thxd to RThxMxd and apply
multi-head attention [31] over the temporal dimension. For
each attention head h € {1,..., H}, we have:

Q"=HW}, K'=HW}, V'=HW}, ()

where Wg,W}}(,W’ff € R¥4n are learnable weight ma-
trices and dj, = d/H is the dimension per head. For each
pair of pedestrians (i, j), we compute time-resolved attention
scores by applying attention across all time steps:
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where a?j(t) € [0,1] represents the attention weight for

pedestrian pair (i,7) at time step ¢ under head h, and
Zﬂl afj(t) = 1. These temporally-aware scores explicitly
capture when each interaction becomes significant, preserv-
ing temporal attribution throughout the graph construction.
The attention scores are used to aggregate value represen-
tations across time:
Th
R}, = afi(t)- V](t) e R™, (4)
t=1
where le»‘j is the aggregated relation representation for
pedestrian pair (7, j) under head h. By concatenating outputs
from all heads and applying a linear projection, we obtain
the pairwise relation features R;;.
Finally, we compute edge weights from the pairwise rela-
tion features R;;. Following the graph attention mechanism
[32], we apply a learnable function to produce edge weights:

wij =0 (a’ [Ry||Ryi] +b), (5)



where a € R2? and b € R are learnable parameters, o(-) is
the sigmoid activation function, and the concatenation of R,
and R;; captures bidirectional interactions. The adjacency
matrix W € RM*M with entries w;; defines the temporal-
aware relation graph.

C. Adaptive Interaction Pruning

As discussed in the previous section, TARG produces
an adjacency matrix W capturing pairwise interactions.
However, modeling all M (M — 1) relations incurs O(M?)
computational complexity and introduces noise from spuri-
ous interactions. To reduce computational redundancy while
enabling adaptive neighbor selection, we propose Adaptive
Interaction Pruning (AIP) (Figure 2 (Right)) via top-p fil-
tering [24], which allows each pedestrian to discover a
personalized neighbor set based on attention distributions.
For each target pedestrian ¢, we rank potential neighbors
{j | j # i} by their edge weights in descending order. Let
m; denote the permutation that sorts edge weights:

Wi, (1) = Wiry(2) =0 2 Wi, (M—1)- (6)

We then compute the cumulative sum of sorted weights:
Kk
Cilk) = Wim@y, k=1,...,M—1. (7)
j=1

Given threshold p € (0, 1], we retain the minimal set of
neighbors whose cumulative weight exceeds p:

k;rmn{k|CJ%Y?l)2p},

where £ is the effective neighborhood size for pedestrian 4.
The pruned adjacency matrix W € RM™*M g obtained by:

o {wij if j e {m(1),...,m(k)},
Wi = 0

otherwise.
Finally, we renormalize the weights for each pedestrian as:
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This design adaptively determines neighborhood size
based on learned interaction strength, resulting in a spar-

sified yet informative interaction graph that improves both
efficiency and robustness.

(10)

wij =

D. Relational Transformer and Trajectory Decoding

Given the pruned adjacency matrix W e RM*M from
AIP, we employ L layers of Relational Transformer (RT)
[17], [11] to refine node representations through edge-aware
attention. Let hZ(-O) € R? denote the initial node feature for
pedestrian ¢ obtained from TARG.

At each layer | € {1,...,L}, RT updates both node
and edge features. For node updates, it applies multi-head

attention modulated by edge features e,l(é._l)'
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where le), K;l) are node-based query and key projections,

K((ai)J is the edge-based key, and the attention is computed
only over pruned neighbors (where w;; > 0). Node features
are then updated via:

1 -1 ! !
W =h{"V+FN| Y oDV e vO) ],

315 >0

(12)

where Vgl) and VS)J are value projections, and FFN de-
notes a feed-forward network with residual connection. Edge
features are updated by aggregating source and target node

information:
! -1 1 l -1 -1
ef) = elj ¥+ MLP (" In el Vleli V1), (13)

where || denotes concatenation and the bidirectional edge
features capture symmetric interactions. This edge-aware
mechanism allows RT to leverage the pruned graph structure
from AIP while refining pairwise relations. We use L = 1
layer in our experiments for efficiency.

For trajectory prediction, we concatenate the initial node
features hgo) and the refined features hEL) after RT encoding,
then feed them into K parallel prediction heads to obtain
trajectories following [35], [17]:

p/, = MLP, (L |0M)) e RT %2 g =1,... K,
’ (14)
where || denotes concatenation and f)lf « represents the k-th
predicted future trajectory for pedestrién i.

Given K predicted trajectories {f)}”~C 5:1 for each pedes-
trian ¢, we adopt the best-of-K training strategy by selecting
the trajectory with minimum /5 distance to the ground truth:
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where p/"* = (z!,y!) is the ground-truth position of pedes-

trian ¢ at time ¢, and f){ ,f is prediction from the k-th head.

III. EXPERIMENTS
A. Datasets and Evaluation Metrics

We evaluate ART on the ETH/UCY [27], [18] and NBA
SportVU [26] benchmarks. The ETH/UCY dataset consists
of five subsets, including ETH, HOTEL, UNIV, ZARAI, and
ZARA? captured in diverse social scenarios. Following the
standard protocol in [17], we use 3.2 seconds (8 frames) of
historical trajectories to predict the subsequent 4.8 seconds
(12 frames). The NBA SportVU dataset contains trajectories
of 10 players from basketball games. Consistent with [33],
[17], we use 2.0 seconds (10 frames) to predict the next
4.0 seconds (20 frames). We evaluate performance using
min ADE; and min FDEy, following [14], [17]. Average
Displacement Error (ADE) computes the mean Euclidean
distance across all predicted time steps, whereas Final Dis-
placement Error (FDE) evaluates the distance at the last time
step.



QUANTITATIVE RESULT ON THE ETH/UCY DATASET. METRICS ARE min ADEsg/min FDE2g. BEST AND SECOND-BEST RESULTS ARE MARKED IN

TABLE I

BOLD AND UNDERLINE.

ETH/UCY Dataset

Subset | GroupNet MemoNet  MID NPSN EgMotion ET LED  SingularTraj MART Ours
(33] [34] (12] (4] [35] (3] [26] (5] [17]
ETH | 0.46/0.73 0.40/0.61 0.39/0.66 0.36/0.59 0.40/0.61 0.36/0.53 0.39/0.58 0.35/0.42 0.35/0.47|0.35/0.47
HOTEL | 0.15/0.25 0.11/0.17 0.13/0.22 0.16/0.25 0.12/0.18 0.12/0.19 0.11/0.17 0.13/0.19 0.14/0.22|0.13/0.21
UNIV |0.26/0.49 0.24/0.43 0.22/0.45 0.23/0.39 0.23/0.43 0.24/0.43 0.26/0.43  0.25/0.44 0.25/0.45|0.24/0.43
ZARALI | 0.21/0.39 0.18/0.32 0.17/0.30 0.18/0.32 0.18/0.32 0.19/0.33 0.18/0.26 0.19/0.32  0.17/0.29 | 0.17/0.28
ZARA2|0.17/0.33 0.14/0.24 0.13/0.27 0.14/0.25 0.13/0.23 0.14/0.24 0.13/0.22 0.15/0.25 0.13/0.22|0.12/0.21
AVG |0.25/0.44 0.21/0.35 0.21/0.38 0.21/0.36 0.21/0.35 0.21/0.34 0.21/0.33 0.21/0.32 0.21/0.33 | 0.20/0.32
TABLE II

QUANTITATIVE RESULT ON THE NBA DATASET. METRICS ARE min ADEgg/min FDE2g. BEST AND SECOND-BEST RESULTS ARE MARKED IN BOLD

AND UNDERLINE.

NBA Dataset

Time | STAR  GroupNet MemoNet MID NPSN  DynGroupNet LED SingularTraj MART Ours
[39] [33] [34] [12] (4] [36] [26] [5] [17]
1.0s | 0.43/0.66 0.26/0.34 0.38/0.56 0.28/0.37 0.35/0.58 0.19/0.28 0.18/0.27  0.28/0.44  0.18/0.26 | 0.17/0.25
2.0s | 0.75/1.24 0.49/0.70 0.71/1.14 0.51/0.72 0.68/1.23 0.40/0.61 0.37/0.56  0.61/1.00  0.35/0.50 | 0.35/0.50
3.0s | 1.03/1.51 0.73/1.02 1.00/1.57 0.71/0.98 1.01/1.76 0.65/0.90 0.58/0.84 0.96/1.47  0.54/0.71 | 0.53/0.71
4.0s | 1.13/2.01 0.96/1.30 1.25/1.47 0.96/1.27 1.31/1.79 0.89/1.13 0.81/1.10  1.31/1.98  0.73/0.90 | 0.72/0.90
B. Quantitative results _ 034
=}
We evaluate our model against a comprehensive set of L’ui Zz
SOTA baselines on both ETH/UCY and NBA datasets, g 028 FDE
including STAR [39], GroupNet [33], MemoNet [34], MID 8 o ADE
[12], NPSN [4], EqMotion [35], ET [3], DynGroupNet [36], G o
LED [26], SingularTraj [5], and MART [17]. =0
The quantitative results are summarized in Tables 065 070 075 080 085 090 035
I and II. Our method achieves the best overall re- Threshold p
sults on the ETH/UCY datasets with the lowest av- Fig. 3. Ablation study of Top-p threshold on the ETH/UCY dataset.

erage min ADEyy/ min FDEyy of 0.20/0.32, improving
over strong baselines with 0.21 average ADE (e.g.,
MART/SingularTraj/LED) by 4.8% while matching the best
average FDE. It also attains the best result on ZARA2
(0.12/0.21), demonstrating strong generalization across di-
verse scenes. On the NBA dataset, our model achieves
consistently superior performance across different time scales
in terms of both ADE and FDE, highlighting effective long-

TABLE III
ABLATION STUDY OF RELATION WEIGHTING STRATEGIES ON THE
ETH/UCY DATASET.

Weighting Strategies | ETH/UCY Dataset
‘ min ADEQO min FDE20

. . . .. Cosine Similarity 0.22 0.36

term interaction modeling and robust prediction accuracy. Random Weighting 0.23 0.37
) ) Uniform Weighting 0.23 0.36

C. Ablation Study and Model Analysis Ours 0.20 0.32

1) Ablation Study on Relation Weighting Strategies: In
this section, we evaluate different relation weighting strate-
gies in the proposed Temporal-Aware Relation Graph, includ-
ing cosine similarity, which assigns static similarity-based
weights, random weighting, which ignores temporal structure
by randomly sampling weights, and uniform weighting,
which applies equal weights to all pairwise relations. As
shown in Table III, our temporally-aware weighting achieves
the best performance on the ETH/UCY dataset, demonstrat-
ing that explicitly modeling temporal attribution in pairwise

relations leads to more effective interaction representations.

2) Ablation Study on Top-p Threshold: Figure 3 illustrates
the impact of different Top-p thresholds on prediction per-
formance. As p decreases from 0.95 to 0.75, both ADE and
FDE consistently improve, suggesting that moderate spar-
sification effectively suppresses weak or noisy interactions
while preserving informative relations. When p = 0.95, the
behavior closely resembles the non-sparsified setting, leading



MART

Ours

Fig. 4. Qualitative comparisons with MART [17] on the ETH/UCY
dataset. Past trajectories are shown in blue, ground truth in red, and model
predictions in green.
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Fig. 5. Qualitative comparisons with MART [17] on the NBA dataset. Past
trajectories are shown in blue, ground truth in red, and predictions in green.

to degraded performance due to redundant interaction model-
ing. Conversely, overly aggressive sparsification (p = 0.65)
also harms performance by discarding useful interactions.
Overall, these results demonstrate that a moderate Top-p
threshold (p = 0.75) achieves the best balance between
interaction selectivity and information preservation.

3) Complexity and Efficiency Analysis: As shown in Ta-
ble IV, our model achieves competitive parameter efficiency
with the lowest MACs among all methods, highlighting its
efficiency for trajectory prediction. Compared with existing
approaches that rely on either larger model sizes or substan-
tially higher computational costs, our method offers a more
favorable trade-off between accuracy and efficiency.

D. Qualitative Results

1) Trajectory Prediction Visualizations: In this section,
we present qualitative visualizations to illustrate the superior-
ity of our method. We choose MART [17] as the comparison
baseline since it is a prior SOTA approach that adopts the
same trajectory decoder and relational Transformer archi-

TABLE IV
MODEL COMPLEXITY COMPARISON. BEST AND SECOND-BEST RESULTS
ARE MARKED IN BOLD AND UNDERLINE.

Method | #Param. MACs
STAR [39] 1.0M 12.0G
MemoNet [34] 10.7M 6.0G

GroupNet [33] 2.2M 411.5M
MID [12] 9.0M 40.3G
EgMotion [35] 3.0M 147.1M
LED [26] 10.9M 15.0G
MART [17] 1.5M 43.3M
Ours 1.0M 40.0M
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Fig. 6.  Visualization of temporal-aware relation weights on the NBA

dataset. Blue denotes historical trajectories, ground-truth trajectories are in
red, and orange indicates the temporal evolution of attention scores.

tecture, enabling a fair comparison. Figure 4 illustrates the
qualitative results on the ETH/UCY dataset across three
scenes of increasing interaction complexity, ranging from
relatively sparse environments to densely crowded settings.
Compared with MART, our predictions more closely follow
the ground-truth trajectories and exhibit fewer unrealistic
overlaps and collisions, with the advantages becoming more
pronounced as scene complexity increases.

Figure 5 presents qualitative comparisons on the NBA
dataset. Although long-term trajectory prediction remains
challenging for both methods due to highly dynamic and co-
ordinated player movements, our predictions are consistently
more aligned with the ground truth than those of MART,
demonstrating improved robustness in complex multi-agent
sports environments.

2) Temporal-Aware Relation Visualization: We qualita-
tively verify the effectiveness of the proposed TARG in
capturing temporally salient interactions. Figure 6 provides
an intuitive visualization of the proposed TARG on the NBA
dataset. By tracking the attention scores between selected
player pairs over time, we observe that the model assigns low
weights when players are spatially distant and significantly
increases the attention as they approach or interact. This
behavior indicates that the proposed method can effectively
identify and emphasize critical time steps where interac-
tions become salient, thereby preserving temporal attribution
rather than uniformly aggregating interactions across time.



IV. CONCLUSION

We propose ART to model pedestrian interactions through
a temporal-aware relation graph and adaptive interaction
pruning. By explicitly preserving temporal attribution in
pairwise relations and dynamically sparsifying interaction
graphs, ART achieves a favorable balance between expres-
sive interaction modeling and computational efficiency. Our
method achieves superior performance on ETH/UCY and
NBA, with strong generalization in multi-agent scenarios.
Future work will explore more complex and heterogeneous
environments using probabilistic models like diffusion mod-
els [8] in real-world robotic systems for interactive decision-
making. Other informative features such as whole-body
motions [9] can also be considered in the future.
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