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Abstract— Trajectory prediction is a fundamental yet chal-
lenging task in intelligent systems. Existing methods are mainly
categorized as single-stage time-domain, two-stage time-domain,
or two-stage spectrum-domain approaches, while single-stage
spectrum-domain methods have been relatively underexplored.
In the frequency domain, low-frequency components reflect
global motion trends, while high-frequency components capture
fine-grained local variations. Most existing spectrum-domain
approaches process these components independently, overlook-
ing their intrinsic complementarity. Inspired by the success of
bilinear models in explicitly capturing cross-factor interactions,
we propose S3-Net, a single-stage spectrum-domain trajectory
prediction network with a bilinear fusion module that integrates
low- and high-frequency dynamics. This design yields richer
spectral representations and enables accurate, socially compli-
ant, and multimodal predictions. Experiments on the ETH-UCY
and Stanford Drone Datasets demonstrate that S3-Net achieves
up to 16.8%/15.1% ADE/FDE reduction over spectrum-domain
baselines while maintaining a compact model size and low
inference latency, making it suitable for real-time scenarios.

I. INTRODUCTION

Understanding, analyzing, and predicting the future behav-
iors of agents are fundamental to building safe and reliable
intelligent systems [1]. Trajectory prediction aims to forecast
plausible future motion paths of agents based on historical
observations and interactions [2], [3]. It has been widely
applied in autonomous driving [4], [5], robot navigation [6],
[7], motion planning [8], [9], activity perception [10], [11],
and multi-target tracking [12], [13].

With continuous efforts from the research community, tra-
jectory prediction has achieved remarkable progress. Existing
deep learning approaches can generally be categorized into
four groups, as illustrated in Fig. 1:

(a) Single-stage Time-domain Methods (“S & T”). The
pioneering work Social-LSTM [2] formulates trajectory pre-
diction as a time-series generation problem. Following this
paradigm, a variety of architectures such as Recurrent Neural
Networks (RNNs) [14]–[16], Generative Adversarial Net-
works (GANs) [17]–[19], and Transformers [20]–[22] have
been employed to forecast future trajectories. However, these
methods struggle to capture multi-scale motion dynamics.

(b) Two-stage Time-domain Methods (“T & T”). Inspired
by humans’ goal-driven behavior, another line of research
[23]–[25] reformulates trajectory prediction into a two-stage
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Fig. 1. Simplified pipelines of four types of trajectory prediction methods.

process of “goal estimation” followed by “trajectory recon-
struction”. For instance, Mangalam et al. [23] first predict
potential destinations and then refine the trajectories through
social interaction modeling. However, such methods often
suffer from error propagation across stages.

(c) Two-stage Spectrum-domain Methods (“T & S”). To
capture motion variations at multiple temporal scales, re-
searchers [26], [27] have applied the Discrete Fourier Trans-
form (DFT) to represent trajectories in the frequency do-
main. Although the spectral view reveals distinct frequency-
response characteristics, the multi-stage design inevitably
increases inference latency and deployment complexity.

(d) Single-stage Spectrum-domain Methods (“S & S”).
Recent studies attempt to simplify the spectral pipeline [28],
[29]. Cao et al. [30], [31] construct a spectral temporal graph
network to model interactive behaviors in trajectory predic-
tion. However, these methods primarily focus on modeling
social interaction in the frequency domain while neglecting
latent behavioral information across frequency components.

Despite these advances, spectrum-domain approaches typ-
ically treat frequency components independently, overlook-
ing their inherent complementarity. In practice, trajectory
prediction involves two coupled factors: the global motion
trend captured by low-frequency components and the fine-
grained local variations encoded by high-frequency compo-
nents [26]. Modeling these two factors jointly is crucial, as
agents usually follow a long-term goal while making subtle
short-term adjustments in response to interactions.

To address this limitation, we draw inspiration from bi-
linear models [32], [33], which have shown strong repre-
sentational power in fine-grained recognition [34], visual
question answering [35], and multi-modal learning [36].
The key advantage of bilinear formulations lies in their
outer-product representation, which explicitly models cross-
factor interactions and provides a richer feature space than
simple concatenation or addition. Motivated by this, we
introduce a bilinear fusion module to integrate low- and
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high-frequency dynamics in a single-stage spectrum-domain
framework, thereby enabling more expressive representations
for accurate and socially compliant trajectory prediction.

Therefore, we propose S3-Net, a single-stage spectrum-
domain trajectory prediction model. Specifically, we apply
the Discrete Fourier Transform to decompose trajectories
into low- and high-frequency components. To capture their
interrelations, we incorporate a bilinear module that fuses
frequency features into richer behavioral representations. S3-
Net generates multiple plausible trajectories with compact
model size and low inference latency, while explicitly con-
sidering social interactions and scene constraints to ensure
socially compliant and physically feasible predictions.

The main contributions are summarized as follows: (a) We
propose S3-Net, a single-stage spectrum-domain model with
frequency interaction modeling, which achieves a favorable
balance between accuracy, efficiency, and model size. (b) We
introduce a bilinear fusion module to capture the complemen-
tary dynamics between low- and high-frequency components,
enhancing the representational capacity of spectrum-domain
approaches. (c) Extensive experiments on ETH-UCY and
SDD show the effectiveness and competitiveness of S3-Net.

II. RELATED WORK

Time-domain Trajectory Prediction. Most existing ap-
proaches [37]–[41] formulate trajectory prediction as a se-
quence generation problem, adopting architectures such as
RNNs, LSTMs, GANs, CVAEs and Transformers to model
motion patterns [42], social interactions [43], and multimodal
behaviors [44]. Although effective, time-domain methods
often emphasize temporal correlations, while struggling to
capture multi-scale motion dynamics and subtle behav-
ioral variations. This limitation motivates the exploration of
frequency-domain representations, which naturally decom-
pose trajectories into multiple scales.

Hierarchical Trajectory Prediction. Another line of
research leverages human goal-driven behavior by decom-
posing prediction into two stages, namely “goal estimation”
and “trajectory reconstruction” [23], [25], [45], [46]. These
hierarchical methods provide interpretability but are prone to
cumulative errors and incur high inference latency, making
them less suitable for real-time applications.

Bilinear Models. Bilinear models [27], [32], [33], [47],
[48] explicitly capture interactions between two factors
through outer-product representations. They have been
widely applied in fine-grained recognition [49], visual ques-
tion answering [50], and re-identification [34], demonstrating
strong representational power. However, their potential for
modeling interactions between frequency components in
trajectory prediction remains unexplored, which provides the
key insight motivating our bilinear fusion design.

In this work, we view frequency-domain trajectory pre-
diction as a two-factor problem, where low-frequency com-
ponents encode global trends and high-frequency compo-
nents capture local variations. Unlike prior spectrum-based
approaches that process these independently, our method in-
troduces a bilinear fusion module to integrate them, yielding

richer spectral representations and enabling more accurate
and efficient predictions.

III. METHOD

A. Vanilla Bilinear Model

The vanilla bilinear model is used to capture two-factor
variations such as “location” and “appearance” [32], [48].
As mentioned in [48], the bilinear structure B for feature
refinement consists of four components. Formally,

B = (fA, fB ,P, E), (1)

where fA and fB are feature functions, P is the max pooling
function, and E represents an encoding function.

In a two-factor task, let U and V denote the feature
spaces of the two factors, respectively. We define two feature
functions fA : U × V → RK and fB : U × V → RD. Given
two representations u ∈ U and v ∈ V , the bilinear feature
fb ∈ RK×D is computed as the outer product:

fb = fA(u, v)⊗ fB(u, v) = fA(u, v) fB(u, v)
⊤ ∈ RK×D.

(2)
Then, we obtain the refined feature fR through max

pooling and encoding operations, i.e.,

fR = E (P(fb)) . (3)

B. The Architecture of S3-Net

As illustrated in Fig. 2, we design S3-Net with an encoder-
decoder architecture. First, the Discrete Fourier Transform is
applied to obtain trajectory spectra consisting of low- and
high-frequency components. Second, a bilinear module is
introduced to fuse these frequency features into richer rep-
resentations. Leveraging these bilinear features, S3-Net gen-
erates multiple socially compliant trajectory predictions.

Problem Formulation. Suppose M agents’ observed and
predicted trajectories are represented by X = {Xi}Mi=1 and
Ŷ = {Ŷ i}Mi=1, respectively. Moreover, Xi = {(xi

t, y
i
t)}

tobs
t=1

and Ŷ i = {(x̂i
t, ŷ

i
t)}

tobs+tpre
t=tobs+1 denote the i-th agent’s coor-

dinates at the observed time t = 1, 2, . . . , tobs and at the
predicted time t = tobs + 1, tobs + 2, . . . , tobs + tpre. In
this work, we aim to find a predictor to generate future
trajectories Ŷ based on the observed trajectories X and the
scene images I . For clarity, we omit the symbol i ∈ [1,M ],
which is used to indicate the agent index.

(a) Trajectory Spectra. We first apply DFT to the ob-
served trajectories to obtain their corresponding trajectory
spectra. Specifically, we apply 1D-DFT on different dimen-
sions of the observed trajectory X = {(xt, yt)}tobst=1 to obtain
their spectra, including amplitudes A = {ax, ay} and phases
Φ = {ϕx, ϕy}. Formally,

X = DFT[(x1, x2, . . . , xtobs)] ∈ Ctobs ,

Y = DFT[(y1, y2, . . . , ytobs)] ∈ Ctobs ,

A = {ax, ay} = {|X |, |Y|} ∈ Rtobs×2,

Φ = {ϕx, ϕy} = {argX , argY} ∈ Rtobs×2.

(4)
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Fig. 2. Overview of S3-Net. Detailed layer connections, output units, and activations of the whole network architecture are listed in Tab. I.

Then we employ a multi-layer perceptron (MLP) (denoted
as MLP1 in Tab. I) to embed the observed trajectory spectra
into the high-dimensional feature ft. Formally,

ft = MLP1([A,Φ]) ∈ Rtobs×64. (5)

(b) Bilinear Fusion Module. Following the workflow of
bilinear models, the bilinear fusion module operates on the
trajectory spectra to construct relations between different
frequency components. Meanwhile, the feature functions
share all their computations. Then, we apply max pooling
and the encoder MLP (denoted MLP2) to obtain the refined
feature fR. Formally,

fR = MLP2 (Flatten (MaxPool(ft ⊗ ft))) ∈ Rtobs×64.
(6)

(c) Interaction Modeling. Moreover, interactions should
also be considered, although they are not the main focus of
this work. In detail, we employ the interaction representation
C [3]1 to achieve this goal. Then, we adopt an MLP (denoted
MLP3) to obtain the context feature fc = MLP3(C), and
compute the joint feature fj = [fR, fc] by concatenating the
refined and context features. To model the multimodality of
agents’ potential future trajectories, we sample the random
noise vector z ∼ N (0, I) for N times during inference, and
concatenate the corresponding random representation fz with
fj . Specifically, we use another MLP (denoted MLP4) with
the same structure as MLP1 to encode the noise vector z:

fz = MLP4(z) ∈ Rtobs×64,

fe = [fj , fz] ∈ Rtobs×128.
(7)

Here, [a, b] represents the concatenation for vectors {a, b}
on the last dimension.

(d) Trajectory Decoding. We introduce a Transformer
(denoted “Trans”) to obtain agents’ behavior representations.
The Transformer serves as a feature extractor without the

1First, available trajectories are used to obtain the activity probability for
each region of the images I as supervision. Second, a CNN is trained under
this supervision to directly infer the activity probability from scene images.

final output layer. The embedded vector fe is passed to
the Transformer. We employ another MLP encoder (denoted
MLP5) to aggregate features at different frequency nodes,
inferring the behavior feature f . Formally,

f = MLP5 (Trans(fe)) ∈ Rtobs×128. (8)

A decoder MLP (denoted MLP6) is adopted to predict
trajectory spectra [Â, Φ̂] = (âx, ây, ϕ̂x, ϕ̂y). Meanwhile, the
Inverse DFT (IDFT) is applied to obtain the predicted spatial
trajectory Ŷ . Formally,

(âx, ây, ϕ̂x, ϕ̂y) = MLP6(f) ∈ Rtpre×4,

Ŷ = (IDFT[âx exp(j ϕ̂x)], IDFT[ây exp(j ϕ̂y)]) ∈ Rtpre×2.
(9)

(e) Loss Function. When training the network end to end,
the entire ground-truth future trajectories Y will be used
as the supervision. The network parameters are optimized
by minimizing the average Euclidean distance between Y
and predictions Ŷ , thus learning to predict the corresponding
trajectory spectra. Formally,

L =
1

tpre

tobs+tpre∑
t=tobs+1

∥(x̂t, ŷt)− (xt, yt)∥2. (10)

IV. EXPERIMENTS

A. Experimental Setup

Datasets. Following previous works [2], [27], [51], [52],
we choose two widely used datasets, ETH-UCY [12] and the
Stanford Drone Dataset (SDD) [53], to evaluate performance.
(a) ETH-UCY Benchmark consists of five subsets: eth, hotel,
univ, zara1, zara2. It contains trajectories from 1,536 pedes-
trians, including thousands of nonlinear paths. Annotations
provide pedestrians’ coordinates in meters. (b) Stanford
Drone Dataset has 60 bird’s-eye-view videos captured by
drones. More than 11,000 different agents are annotated with
bounding boxes in pixels, including over 185,000 agent-to-
agent interactions and 40,000 agent-to-scene interactions.
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TABLE I
ARCHITECTURE DETAILS OF THE PROPOSED S3-NET.

Layers Network Architecture

MLP1
(ax, ay , ϕx, ϕy) → FC(64,ReLU)
→ FC(64, tanh) → ft

MLP2
ft ⊗ ft → MaxPool(2× 2) → Flatten
→ FC(64 tobs, tanh) → Reshape(tobs, 64) → fR

MLP3
C → MaxPool(5× 5) → Flatten
→ FC(64 tobs, tanh) → fc

MLP4 z → FC(64,ReLU) → FC(64, tanh) → fz

Trans
fe → TransformerEncoder(128) → f ′

→ TransformerDecoder(128) → f ′′

MLP5 f ′′ → FC(128, tanh) → FC(128) → f

MLP6
f → FC(128, tanh) → FC(128,ReLU) → FC(4 tpre)

→ Reshape(tpre, 4) → (âx, ây , ϕ̂x, ϕ̂y)

Metrics. We employ two standard metrics to evaluate
prediction accuracy, namely the Average Displacement Error
(ADE) and the Final Displacement Error (FDE) [2], [54]. (a)
ADE is the average point-wise Euclidean distance between
the ground truth and predictions of all steps. (b) FDE is the
Euclidean distance between the last point’s prediction and
the ground truth. Following [17], [26], we use a “Best-of-
N” strategy to compute ADE and FDE with N = 20.

Baselines. We compare against four categories of meth-
ods for a comprehensive evaluation. (a) Single-stage Time-
domain methods (“S & T”): SHENet [55], MID [56],
SEEM [57], Flowchain [58], Eqmotion [59], IMP [60],
LED [61], DyHGDAT [62], MS-TIP [63], SMEMO [64],
LMTraj-SUP [65], Dyset [66], TrajCLIP [67], AFC-
RNN [68]. (b) Two-stage Time-domain methods (“T & T”):
PECNet [23], Y-net [24], LB-EBM [45], GSMNet [46],
MSN-SC [52], PPT [69]. (c) Two-stage Spectrum-domain
methods (“T & S”): V [26]. (d) Single-stage Spectrum-
domain methods (“S & S”): SpecTGNN [31].

Implementation Details. We predict future trajectories
over tpre = 12 frames (4.8 seconds) given tobs = 8 observed
frames (3.2 seconds). The frame rate is set to 2.5 frames per
second when sampling trajectories. We train the entire S3-
Net with the Adam optimizer with a learning rate of 0.0003
on a single NVIDIA GeForce GTX 1080Ti GPU. S3-Net is
trained with a batch size of 2500 for 1000 epochs on ETH-
UCY and 800 epochs on SDD. We employ a 4-layer encoder-
decoder Transformer structure with 8 attention heads. The
output dimension of fully connected layers in multi-head
attention blocks is set to 128. The leave-one-out strategy [2]
is adopted to train the network end-to-end.

B. Comparison to State-of-the-Art Methods

ETH-UCY. As reported in Tab. II, the proposed S3-
Net exhibits strong competitiveness against various cat-
egories of methods. S3-Net (0.17/0.27) achieves per-
formance comparable to several top-performing models,
TrajCLIP (0.18/0.33) [67], Y-net (0.18/0.27) [24], and
V (0.18/0.28) [26]. Although the average gain is relatively

modest, S3-Net ranks in the top two across three subsets
(eth, hotel, and univ), highlighting its consistent effective-
ness across diverse scenarios within ETH-UCY. To further
validate its superiority, we extend the evaluation to the more
challenging SDD benchmark.

SDD. On the SDD, S3-Net achieves notable improvements
over all categories of baselines, as shown in Tab. III. Com-
pared to the current state-of-the-art “S & T” approach AFC-
RNN [68], S3-Net reduces ADE/FDE by 4.7%/7.9%. It also
surpasses the “T & T” method PPT [69] and the “T & S”
approach V [26], with gains of 2.8%/1.0% and 4.1%/7.0%,
respectively. Moreover, against the “S & S” baseline SpecT-
GNN [31], S3-Net achieves substantial improvements of
16.8%/15.1% in ADE/FDE. These results demonstrate the
robustness and adaptability of S3-Net in handling complex
and diverse real-world scenarios.

C. Quantitative Analysis

Effect of the Bilinear Fusion Module. Tab. IV demon-
strates that S3-Net consistently outperforms its variant
without the bilinear fusion module (S3-Net w/o BFM).
Specifically, S3-Net achieves significant improvements of
15.00%/12.90% on ETH-UCY and 13.76%/12.75% on SDD
in terms of ADE/FDE, respectively. These consistent gains
across two distinct datasets validate the effectiveness of
the bilinear fusion module. To further analyze its role,
we introduce V (linear) (Variation c in [26]). V (linear)
decomposes trajectories into high- and low-frequency com-
ponents, predicts potential destinations in the first stage,
and applies linear interpolation in the second stage. Viewed
from this perspective, V (linear) can be regarded as an “S
& S” method without a bilinear module. Its quantitative
results are 0.19/0.29 on ETH-UCY and 7.43/11.15 on SDD.
By comparing V (linear), S3-Net w/o BFM, and S3-Net,
we conclude that the bilinear fusion module significantly
enhances the model’s representation capacity.

Single-stage vs Two-stage. As shown in Tab. II, different
categories of methods exhibit their respective strengths. In
this section, our goal is not to revalidate the effective-
ness of spectrum-based approaches, which has already been
demonstrated in [26], [27], [31]. For a fair comparison, we
select V as the baseline since both our proposed S3-Net and
V are spectrum-domain methods built upon Transformer
backbones. Compared with V, S3-Net achieves moderate
improvements of 5.6%/3.6% on ETH-UCY and 4.1%/7.5%
on SDD in terms of ADE/FDE. Although the gains are not
particularly significant, the results highlight the advantage of
adopting a single-stage design. Moreover, it may be insuf-
ficient to evaluate performance solely from the perspective
of “Accuracy.” Therefore, we proceed to conduct a deeper
analysis focusing on “Model Size and Efficiency.”

Model Size and Efficiency. Trajectory prediction models
should not only ensure accuracy but also reduce model size
and inference time to enhance real-world applicability. As
reported in Tab. V, we compare the number of parameters
and inference latency of the proposed S3-Net with several
popular baselines. Following the setting in [72], inference
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TABLE II
QUANTITATIVE RESULTS ON ETH-UCY USING THE best-of-20 STRATEGY, REPORTED AS “ADE/FDE” IN METERS. “S & T”, “T & T”, “T & S”, AND

“S & S” DENOTE SINGLE-STAGE TIME-DOMAIN, TWO-STAGE TIME-DOMAIN, TWO-STAGE SPECTRUM-DOMAIN, AND SINGLE-STAGE

SPECTRUM-DOMAIN METHODS, RESPECTIVELY. LOWER IS BETTER. “TOP-2 BEST RESULTS” ON EACH SET ARE BOLDED.

Category Model Source eth ↓ hotel ↓ univ ↓ zara1 ↓ zara2 ↓ Average ↓

S & T

SHENet [55] NeurIPS’22 0.41/0.61 0.13/0.20 0.25/0.43 0.21/0.32 0.15/0.26 0.23/0.36
MID [56] CVPR’22 0.39/0.66 0.13/0.22 0.22/0.45 0.17/0.30 0.13/0.27 0.21/0.38

SEEM [57] TPAMI’23 0.62/1.20 0.61/1.21 0.50/1.04 0.31/0.61 0.36/0.68 0.48/0.95
Flowchain [58] ICCV’23 0.55/0.99 0.20/0.35 0.29/0.54 0.22/0.40 0.20/0.34 0.29/0.52
Eqmotion [59] CVPR’23 0.40/0.61 0.12/0.18 0.23/0.43 0.18/0.32 0.13/0.26 0.21/0.35

IMP [60] TPAMI’23 0.29/0.47 0.12/0.18 0.29/0.51 0.20/0.35 0.15/0.27 0.21/0.35
LED [61] CVPR’23 0.39/0.58 0.11/0.17 0.26/0.43 0.18/0.26 0.13/0.22 0.21/0.33

DyHGDAT [62] ICRA’24 0.41/0.61 0.13/0.20 0.22/0.42 0.17/0.32 0.13/0.24 0.21/0.36
MS-TIP [63] ICML’24 0.39/0.57 0.13/0.22 0.24/0.40 0.20/0.34 0.17/0.29 0.22/0.36
SMEMO [64] TPAMI’24 0.39/0.59 0.14/0.20 0.23/0.41 0.19/0.32 0.15/0.26 0.22/0.35

LMTraj-SUP [65] CVPR’24 0.41/0.51 0.12/0.16 0.22/0.34 0.20/0.32 0.17/0.27 0.22/0.32
Dyset [66] ECCV’24 0.32/0.46 0.14/0.21 0.24/0.45 0.17/0.28 0.12/0.25 0.20/0.33

TrajCLIP [67] NeurIPS’24 0.36/0.57 0.10/0.17 0.19/0.41 0.16/0.28 0.11/0.20 0.18/0.33
AFC-RNN [68] TPAMI’25 0.37/0.56 0.12/0.19 0.20/0.36 0.16/0.30 0.12/0.21 0.19/0.32

T & T

PECNet [23] ECCV’20 0.54/0.87 0.18/0.24 0.35/0.60 0.22/0.39 0.17/0.30 0.29/0.48
LB-EBM [45] CVPR’21 0.30/0.52 0.13/0.20 0.27/0.52 0.20/0.37 0.15/0.29 0.21/0.38

Y-net [24] ICCV’21 0.28/0.33 0.10/0.14 0.24/0.41 0.17/0.27 0.13/0.22 0.18/0.27
GSMNet [46] ACCV’24 0.32/0.39 0.11/0.13 0.25/0.43 0.18/0.28 0.15/0.26 0.20/0.30
MSN-SC [52] CVPR’24 0.27/0.39 0.13/0.18 0.22/0.45 0.18/0.34 0.15/0.27 0.19/0.33

PPT [69] ECCV’24 0.36/0.51 0.11/0.15 0.22/0.40 0.17/0.30 0.12/0.21 0.20/0.31

T & S V [26] ECCV’22 0.23/0.37 0.11/0.16 0.21/0.35 0.19/0.30 0.14/0.24 0.18/0.28

S & S S3-Net Ours 0.22/0.34 0.10/0.14 0.20/0.35 0.18/0.30 0.13/0.23 0.17/0.27

TABLE III
QUANTITATIVE RESULTS ON SDD WITH THE best-of-20 STRATEGY AS

“ADE/FDE” IN PIXELS. “TOP-2 BEST RESULTS” ARE BOLDED.

Category Model Source SDD ↓

S & T

SHENet NeurIPS’22 9.01/13.24
MID CVPR’22 7.91/14.50

Flowchain ICCV’23 9.93/17.17
IMP TPAMI’23 8.98/15.54

DyHGDAT ICRA’24 7.88/13.21
SMEMO TPAMI’24 8.11/13.06

LMTraj-SUP CVPR’24 7.80/10.10
AFC-RNN TPAMI’25 7.17/11.44

T & T

PECNet ECCV’20 9.96/15.88
LB-EBM CVPR’21 8.87/15.61

Y-net ICCV’21 7.85/11.85
GSMNet ACCV’24 8.30/12.70
MSN-SC CVPR’24 7.49/12.12

PPT ECCV’24 7.03/10.65

T & S V ECCV’22 7.12/11.39

S & S SpecTGNN [31] ICRA’21 8.21/12.41
S3-Net Ours 6.83/10.54

TABLE IV
QUANTITATIVE ABLATION STUDY ON ETH-UCY AND SDD. “BFM” IS

SHORT FOR THE BILINEAR FUSION MODULE.

Model S3-Net w/o BFM S3-Net Gain ↑

eth ↓ 0.27/0.40 0.22/0.34 18.52%/15.00%
hotel ↓ 0.11/0.15 0.10/0.14 9.09%/6.67%
univ ↓ 0.23/0.37 0.20/0.35 13.04%/5.41%
zara1 ↓ 0.22/0.36 0.18/0.30 18.18%/16.67%
zara2 ↓ 0.16/0.27 0.13/0.23 18.75%/14.81%

Average ↓ 0.20/0.31 0.17/0.27 15.00%/12.90%

SDD ↓ 7.92/12.08 6.83/10.54 13.76%/12.75%

TABLE V
MODEL SIZE AND EFFICIENCY. A SINGLE 1080TI GPU IS USED FOR

INFERENCE. “TOP 2 BEST RESULTS” ARE BOLDED.

Category Model Source Params ↓ Inf Time ↓

S & T

S-GAN [17] CVPR’18 46.3K 0.0968s
SR-LSTM [70] CVPR’19 64.9K 1.1789s

STGAT [71] ICCV’19 44.6K 1.3497s
STC-Net [72] ICCV’21 0.7K 0.0013s
LMTraj-SUP CVPR’24 1401M 0.1830s

TrajCLIP NeurIPS’24 14.9M 0.2108s

T & T PECNet ECCV’20 2.1M 0.6070s

T & S V ECCV’22 4.0M 0.0427s

S & S S3-Net Ours 1.9M 0.0201s

time is measured on a single 1080Ti GPU for a fair com-
parison. The classical STC-Net was specifically designed for
lightweight and low-latency prediction. Low latency requires
inference time to remain below the frame sampling interval.
In practice, trajectories are typically sampled at 2.5 frames
per second [38], corresponding to a threshold of 0.4s per
frame. Under this setting, our model also satisfies this low-
latency requirement. Although not as efficient as STC-Net,
S3-Net achieves faster inference than two other methods,
PECNet and V. Additionally, we test S3-Net with different
batch sizes of {1, 5, 10, 100} and find that the inference time
remains basically unchanged.

As shown in Fig. 3, we observe that S3-Net contains a
parameter count comparable to PECNet, yet delivers sub-
stantial performance gains of 37.9% in ADE on ETH-UCY.
Moreover, we also test the inference cost of S3-Net on
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Fig. 3. Accuracy (ADE), model size, and inference time of different mod-
els on ETH-UCY. Bubble size represents the number of parameters, where
larger bubbles correspond to more complex models. For fair visualization,
parameter counts are log-scaled before being mapped to bubble sizes.

a CPU (3.1 GHz Intel Core i5), which is approximately
150ms, further demonstrating its suitability for low-budget
devices. These results confirm that S3-Net strikes a favorable
balance among accuracy, model size, and efficiency, making
it suitable for deployment in computationally constrained
scenarios. Returning to the discussion of “Single-stage vs
Two-stage,” S3-Net (1.9M) requires less than half the pa-
rameters of V (4.0M). In terms of inference speed, S3-
Net (0.0201s) is 2.12× faster than V (0.0427s). The above
results further highlight the effectiveness and competitiveness
of single-stage spectrum-domain methods.

Observations Predictions Ground Truth Other Agents

A1 A2 A3 A4 A5

A6 A7

A8 A9

Fig. 4. Visualization of S3-Net on ETH-UCY and SDD. Each sample
illustrates 20 random predictions. Please note that observations are some-
times not visible since they are covered by predictions and ground truth.

D. Qualitative Analysis

Visualization. Fig. 4 presents qualitative results across
diverse scenarios. Cases (A1) and (A2) illustrate that our
model excels at predicting stationary pedestrians, regardless
of the presence of nearby individuals. In (A3) and (A4), S3-
Net demonstrates strong multimodal prediction capabilities
in open environments when guided solely by scene con-
straints. Moreover, in cases (A5)-(A9), S3-Net effectively
accounts for both social interactions and scene constraints,
thereby generating multiple plausible trajectories.

S3-Net w/o BFM S3-Net

Observations Predictions Ground Truth Other Agents

A1 A2 A3

A4 A5

B1 B2 B3

B4 B5

Fig. 5. Visualization of S3-Net w/o BFM and S3-Net in different scenarios.

Effect of the Bilinear Fusion Module. Fig. 5 compares
the qualitative results of S3-Net with S3-Net w/o BFM. While
quantitative results have already confirmed the superiority of
S3-Net, qualitative analysis provides additional insights. Two
challenging scenarios are considered: predicting a stationary
pedestrian and a pedestrian making a turn. (a) In (A1)-(A3)
and (B1)-(B3), S3-Net produces predictions that are closer
to the ground truth. By contrast, S3-Net w/o BFM tends to
forecast short-range displacements for stationary pedestrians.
This does not mean that the predictions of S3-Net w/o
BFM are entirely unreasonable, since the future motion of
stationary pedestrians is inherently uncertain (i.e., they may
either remain still or suddenly start moving). Nevertheless,
S3-Net produces predictions that are more consistent with
common sense, demonstrating its advantage in handling
uncertain behaviors. (b) In (A4)-(A5) and (B4)-(B5), S3-
Net w/o BFM frequently outputs an opposite-direction tra-
jectory (see orange arrows). Although this might be inter-
preted as predictive diversity, it is counterintuitive because
pedestrians rarely reverse direction abruptly without external
cues. Furthermore, in (B5), S3-Net generates two plausible
left-turn trajectories, whereas S3-Net w/o BFM predicts only
one. Notably, the bilinear fusion module enables S3-Net to
produce smoother and more realistic predictions, such as
the left turn in (B5). These findings further demonstrate the
effectiveness of the bilinear fusion module.

V. CONCLUSION

In this work, we propose S3-Net, a single-stage spectrum-
domain trajectory prediction network. By introducing a bi-
linear fusion module, S3-Net explicitly models the interac-
tions between low- and high-frequency components, yield-
ing richer spectral representations. Extensive experiments
on ETH-UCY and SDD demonstrate that S3-Net achieves
competitive accuracy, a smaller model size, and faster infer-
ence speed compared with baseline methods. These results
highlight the practicality of frequency interaction modeling
for real-time intelligent systems. In contrast to the widely
studied single-stage and two-stage time-domain paradigms
and two-stage spectrum-domain methods, our work advances
an underexplored direction of single-stage spectrum-domain
trajectory prediction. In future work, we plan to explore
adaptive frequency selection and extend the framework to
multi-agent collaboration and planning-oriented applications.
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