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Abstract

Predicting pedestrian motion trajectories is critical for the
path planning and motion control of autonomous vehicles.
Recent diffusion-based models have shown promising results
in capturing the inherent stochasticity of pedestrian behav-
ior for trajectory prediction. However, the absence of explicit
semantic modelling of pedestrian intent in many diffusion-
based methods may result in misinterpreted behaviors and re-
duced prediction accuracy. To address the above challenges,
we propose a diffusion-based pedestrian trajectory predic-
tion framework that incorporates both short-term and long-
term motion intentions. Short-term intent is modelled using
a residual polar representation, which decouples direction
and magnitude to capture fine-grained local motion patterns.
Long-term intent is estimated through a learnable, token-
based endpoint predictor that generates multiple candidate
goals with associated probabilities, enabling multimodal and
context-aware intention modelling. Furthermore, we enhance
the diffusion process by incorporating adaptive guidance and
a residual noise predictor that dynamically refines denoising
accuracy. The proposed framework is evaluated on the widely
used ETH, UCY, NBA, and SDD benchmarks, demonstrating
competitive results against state-of-the-art methods.

Code — https://github.com/AISLAB-sustech/IAD

Introduction
Pedestrian motion prediction is a critical capability for ex-
tensive applications, including autonomous driving (Li et al.
2021; Yang et al. 2024a,b), robots navigation (Eiffert et al.
2020), and planning (Yin et al. 2025). Given the observed
trajectories of pedestrians, accurately forecasting their fu-
ture paths is essential for ensuring safe and efficient opera-
tion. A major challenge lies in the inherently stochastic and
non-deterministic nature of human motion, shaped by social
interactions and environmental context. As pedestrian be-
havior unfolds over time, such influences manifest as both
transient adjustments and global planning objectives. Ad-
dressing this challenge requires modelling both long-term
destination goals and short-term motion intentions(Lin et al.
2024; Duan et al. 2022).

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: An illustration of pedestrian intentions. The polar-
based short-term intentions and long-term multimodal end-
points provide motion cues that guide the generation of fu-
ture trajectories via a diffusion process.

Within the above context, works such as (Zhao et al. 2021;
Chiara et al. 2022; Xing et al. 2025) adopt goal-based ap-
proaches, where trajectory endpoints are first predicted be-
fore inferring intermediate positions. This strategy aims to
capture long-term dependencies and reveal the global mo-
tion tendencies. On the other hand, some methods incorpo-
rate midway points (Bae and Jeon 2023; Bae, Park, and Jeon
2024; Kothari, Sifringer, and Alahi 2021), which explicitly
model the trajectory’s intermediate state to capture local dy-
namic patterns arising from fine-grained variations between
consecutive timesteps. However, such anchor-based meth-
ods often rely on fixed spatial references to represent future
motion, which may fail to capture the underlying semantics
of pedestrian intent. These representations may misinterpret
subtle variations in motion intention that are not truly in-
dicative of a shift in the pedestrian’s intended direction. For
instance, a pedestrian slightly curving toward a building en-
trance may still maintain a steady forward-moving intent,
whereas intermediate anchors might misleadingly indicate
an unintended deviation or turning behavior.

Another challenge lies in modelling pedestrian motion
intentions. Some trajectory forecasting methods (Wu et al.
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2024; Liao et al. 2025) decompose intention into a set of
discrete semantic categories, such as turning left, accelerat-
ing, or stopping. While this approach provides interpretabil-
ity, it imposes rigid constraints on the inherently continuous
and fine-grained nature of human movement. For example,
a slight veer of 10 degrees and a sharp 90-degree turn may
both be classified as turning left, despite their drastically dif-
ferent implications for trajectory evolution. Such categori-
cal abstractions may oversimplify motion dynamics, making
it difficult to capture the subtle variations and uncertainty
that characterize real pedestrian behavior. These limitations
highlight the need for a unified framework capable of cap-
turing both the fine-grained nature of short-term motion and
the uncertainty of long-term goals.

To tackle the above issues, our intention-aware design
provides early and structured cues that are directly useful
for downstream autonomous-driving planners, especially in
safety-critical scenarios such as cut-ins or pedestrian cross-
ings. In this paper, we propose an Intention-Aware Diffusion
model (IAD) for pedestrian trajectory prediction, which cap-
tures both short-term motion tendencies and long-term goal
hypotheses as illustrated in Figure 1. In the short-term in-
tention module, a residual polar representation is employed
to model pedestrian motion intent. By separately encoding
direction and magnitude, this formulation offers a compact,
continuous, and expressive representation capable of captur-
ing fine-grained motion patterns. The residual design pro-
motes a structured modelling paradigm, where global mo-
tion cues provide a coarse prior that is refined through lo-
cal adjustments, reflecting the hierarchical nature of human
navigation. For long-term intention estimation, we propose
a learnable token-based estimator that predicts multiple can-
didate endpoints with associated probabilities, capturing un-
certainty and intent diversity. The token encodes trajectory-
level context, enabling goal hypotheses that are both mul-
timodal and context-aware, while the probabilistic formula-
tion supports more informed and interpretable predictions.
In the diffusion model, a residual noise prediction module
is introduced to estimate the discrepancy between predicted
and true noise, enabling dynamic refinement of the denois-
ing process for improved trajectory generation. Further, an
auxiliary guidance strategy enables smooth integration of
conditional signals and balances diversity and fidelity.

Related Works
Pedestrian Trajectory Prediction
Early methods formulate predicting pedestrians’ trajectories
based on traditional ways, including social force (Helbing
and Molnar 1995), Kalman Filters (Klingelschmitt et al.
2014), and Markov models (Firl et al. 2012). However, they
may struggle to represent the complexity and variability of
pedestrian motion in dynamic and crowded situations. Mod-
ern learning-based approaches have achieved significant ad-
vances. These methods model trajectory forecasting as a se-
quential estimation task using deep sequential processing
models. For instance, Long Short-Term Memory (LSTM)
and Recurrent Neural Networks (RNN) (Alahi et al. 2016)
have been employed to capture pedestrian motion dynam-

ics. Inspired by Natural Language Processing (NLP), Trans-
former models (Shi et al. 2023; Lin et al. 2024) have been
introduced to better capture long-range dependencies and
global context, leading to improved performance in trajec-
tory prediction tasks. Given the importance of social inter-
actions, many approaches use graph-based (Liu et al. 2023;
Bae and Jeon 2023; Kim et al. 2024) structures to explicitly
model complex inter-pedestrian relations.

Diffusion Models for Trajectory Prediction

Diffusion model (Sohl-Dickstein et al. 2015) is first pro-
posed to solve non-equilibrium thermodynamics problems
and have shown prior generation capabilities on various
tasks, including image synthesis (Ho, Jain, and Abbeel 2020;
Nichol and Dhariwal 2021), video generation (Ho et al.
2022), and natural language processing (Li et al. 2022). In
the context of motion prediction, recent works have inte-
grated diffusion models into prediction frameworks. MID
(Gu et al. 2022) explicitly simulates the process of human
motion variation from indeterminate to determinate via the
reverse process of diffusion. LED (Mao et al. 2023) intro-
duces a trainable leapfrog initialiser to skip denoising steps
for prediction efficiency. TRACE (Rempe et al. 2023) con-
strains trajectories using target waypoints, speed, and speci-
fied social groups, while incorporating the surrounding con-
text. DICE (Choi et al. 2024) introduces an efficient sam-
pling mechanism coupled with a scoring module to select
the most plausible trajectories. C2F-TP (Wang et al. 2025)
proposes a coarse-to-fine prediction framework in which a
conditional denoising model is used to refine the uncertainty
of samples. However, these diffusion-based approaches do
not consider motion intention in frameworks.

Prior Conditioned Approach

Due to the stochastic nature of human motion, pedestrians’
trajectories contain randomness. To enable controllable and
interpretable trajectory predictions, some approaches incor-
porate anchor points as prior information to guide the gen-
eration of multimodal trajectories. TNT (Zhao et al. 2021)
formulates trajectory prediction as a two-stage process by
first predicting discrete future endpoints and then generat-
ing target-conditioned trajectories. DenseTNT (Gu, Sun, and
Zhao 2021) builds on this by replacing discrete endpoint
classification with continuous density regression, improv-
ing spatial coverage and prediction accuracy.(Wang et al.
2023) generates diverse proposals fused with goal-oriented
anchors to enable multimodal prediction. Graph-TERN (Bae
and Jeon 2023) predicts intermediate control points by seg-
menting the future path, and refines trajectories using a spa-
tiotemporal multi-relational graph for better accuracy. PPT
(Lin et al. 2024) progressively trains the model through next-
step prediction, destination prediction, and full trajectory
prediction, capturing both short- and long-term motion pat-
terns. SingularTrajectory (Bae, Park, and Jeon 2024) pro-
poses an adaptive method which corrects misplaced anchors
based on a traversability map. However, lacking semantic
intent modelling may hinder prediction quality.
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Figure 2: The overall architecture of the proposed framework. The conditional guidance module estimates both short-term and
long-term motion intentions, which are integrated through a soft-mask fusion layer. In the diffusion module, the noise estimator
Fn works in tandem with the refinement network Fr to iteratively denoise and generate future trajectories.

Methods
Preliminaries
The diffusion model comprises a forward process and a re-
verse process. In the forward process, Gaussian noise is in-
crementally added to a sample drawn from the data distri-
bution {Yk}Kk=0 ∈ Rtpred×2, which corresponds to the fu-
ture trajectories. This process starts from ground truth path
Y0 and is repeated for K steps following a predefined noise
schedule, gradually transforming the sample into a standard
Gaussian distribution, which is mathematically defined :

q(Yk|Yk−1) = N (Yk;
√
1− βkYk−1, βkI), (1)

where βk ∈ (0, 1) denotes the rescaled variance schedule
that controls the magnitude of noise added at each step. To
reduce the computational cost during training, this process
can be simplified using properties of Gaussian transitions:

q(Yk|Y0) = N (Yk;
√
ᾱkY0, (1− ᾱk)I), (2)

Yk =
√
ᾱkY0 +

√
(1− ᾱk)ϵ, ϵ ∼ N (0, I), (3)

where αk = 1 − βk, ᾱk =
∏k

i=1 αi, and ϵ represents a
noise vector sampled from a standard Gaussian distribution.
As the diffusion step k increases, Yk progressively approxi-
mates the standard normal distribution N (0, I).

The reverse process aims to remove noise from Yk, grad-
ually recovering the original distribution Y0 by learning re-
verse pθ(Yk−1|Yk), which can be formulated as:

pθ(Yk−1|Yk) = N (Yk−1;µθ(Yk, k, f),Σθ(Yk, k, f)), (4)

where µθ and Σθ are neural networks predicting the mean
and variance, respectively, and f is the conditional guidance.

Problem Definition
The trajectory prediction task entails estimating pedestrians’
future positions within a scene based on their observed past

movements. The model takes as input the 2D spatial coordi-
nates of pedestrians over the observed time steps, denoted by
X1:tobs = {Xi

t ∈ R2|1 ≤ t ≤ tobs} , where Xi
t = (xit, y

i
t)

represents the position of the ith pedestrian at time t. Simi-
larly, the ground truth trajectory over the future time period
is denoted as Y1:tpred = {Y i

t ∈ R2|1 ≤ t ≤ tpred}, and
Y i
t = (xit, y

i
t) represents the ground truth position of the ith

pedestrian at time t in the future. The objective of this work
is to predict the future trajectory Ŷ i of the ith pedestrian and
to estimate its future positions Ŷ i

t = (x̂it, ŷ
i
t) at each time t.

Overview
The proposed architecture, illustrated in Figure 2, is a
diffusion-based framework that models both long-term E
and short-term I pedestrian motion intentions through ded-
icated modules with observed motion features Fobs as con-
ditional guidance. During the trajectory generation process,
a softmask classifier-free guidance mechanism is employed
to adaptively integrate conditional signals and a refinement
module estimates the residual error in the predicted noise.

Motion Encoder
The motion encoder extracts motion features from observed
pedestrian trajectories while capturing social interactions.
These features are used both for predicting intentions and
conditioning the diffusion model for trajectory generation.

Fobs = MotionEncoder(X1:tobs) ∈ Rtobs×d, (5)

where X ∈ Rtobs×2 denotes the observed trajectories. We
adopt the encoder from (Gu et al. 2022), proven effective in
capturing complex pedestrian motion patterns.

Residual Polar Modeling for Intention Estimation
We propose a residual polar coordinate-based representation
to model short-term pedestrian motion intention, inferred
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Figure 3: Illustration of short-term intention prediction. The
sequence of short-term intentions is constructed using a
polar-coordinate representation, as shown on the left. On the
right, residual updates are recursively accumulated over time
to refine these intention predictions.

from observed motion features as shown in Figure 3. In-
stead of discretizing pedestrian intent into predefined mo-
tion classes (e.g., turning left or accelerating), intention at
each future timestep t is represented in a continuous polar
form as Ii = {θit, rit}

Tpred

t=1 ∈ RTpred×2, where θit ∈ (−π, π]
denotes the directional angle, and rit ∈ R+ denotes the mag-
nitude of motion tendency. The origin point Oi

t corresponds
to the pedestrian’s current Cartesian position {xti, yti}. These
components are computed as follows:

θit = arctan 2(ayi

t , a
xi
t ), rit =

√
(axi

t )2 + (ayi

t )2 + ε, (6)

where arctan 2 is the two-argument inverse tangent func-
tion, and axi

t , ayi

t denote the second-order temporal deriva-
tives of the ith pedestrian’s position in the lateral and lon-
gitudinal directions. A small constant ε is added to ensure
numerical stability and avoid division by zero.

To capture the dynamic changes in future motion inten-
tions, we adopt a transformer network to predict a sequence
Ii of polar-coordinate representations. Instead of directly
regressing the absolute values of the heading angle θit and
magnitude rit at each time step, we reformulate the predic-
tion task into estimating the residual changes with respect
to the previous state. This is motivated by predicting resid-
uals simplifies the learning objective by focusing on local
variations, which are typically smoother and less noisy than
absolute values. The process is defined as:[

∆cos θi,∆sin θi,∆ri
]
= IntentPredictor(Fobs). (7)

We then convert the predicted residuals into scalar an-
gular and magnitude increments, respectively: ∆θit =
arctan 2(∆ sin θit,∆cos θit) and ∆rit = softplus(∆rit) =
log(1 + exp(∆rit)). The residual polar updates for the fu-
ture intention Ii at each time step t are then computed by
recursively accumulating these residuals over time:

θit = θi0 +
∑t

τ=1
∆θiτ , rit = ri0 +

∑t

τ=1
∆riτ , (8)

where θi0 and ri0 are initialised values based on the final
frame of the observed trajectory Xi

tobs
= {xitobs , y

i
tobs

}.
This formulation incrementally refines intention predic-

tions, ensuring smooth, consistent direction and magnitude
estimates that better capture local motion dynamics.
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Figure 4: Illustration of the Endpoint Estimator. L learn-
able query tokens interact with observation features through
cross-attention to generate multimodal endpoint predictions.

Endpoints Prediction
The objective of destination prediction is to estimate the fi-
nal endpoint of a pedestrian’s trajectory, thereby capturing
long-term behavioral intent based on observed motion his-
tory. To address the inherent multimodality of human be-
havior, our model predicts multiple candidate destinations.
During training, the candidate closest to the ground truth is
selected as supervision, while during inference, the destina-
tion with the highest confidence score is chosen.

In this task, we use a learnable query-based method with a
transformer block to generate diverse destinations as shown
in Figure 4. Specifically, we initialize L learnable endpoint
query tokens Q ∈ RL×dq . These queries act as anchors rep-
resenting plausible motion modes. To condition the queries
on observed behavior, we refine them via the transformer’s
cross-attention using motion features Fobs ∈ RTobs×d.

For endpoint predictor, an MLP is applied to the re-
fined multimodal motion features obtained from the trans-
former to regress a set of candidate endpoints, denoted as
Ei = {ei1, ei2, . . . , eiL} ∈ RL×2. Additionally, a separate
MLP followed by a softmax layer is used to predict a con-
fidence score for each candidate, forming a discrete prob-
ability distribution over the endpoint hypotheses: P i =

{pi1, pi2, . . . , piL} ∈ RL×1, where
∑L

l=1 p
i
l = 1. The end-

point prediction module is given as:

[E,P ] = EndpointPredictor(Fobs, Q), (9)

where EndpointPredictor is conditioned on observed motion
features Fobs and learnable goal queries Q.

Condition-Guided Refinement
To guide the generation process toward intended motion se-
mantics, we first adopt a modified classifier-free guidance
strategy with dynamic masking, followed by a residual re-
finement step to correct prediction errors.

Instead of statically injecting conditions, we propose a dy-
namic soft-mask mechanism to modulate the contribution
of each guidance signal. Specifically, a multi-layer percep-
tion layer followed by a sigmoid activation is used to learn
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a soft weight Mm for each guidance source Gm, where
m ∈ {o, s, l} denotes the modality source: observed trajec-
tory feature o, short-term intention s, and long-term goal l.

Mm = Sigmoid(MLPm(Gm)), (10)

G′
m = (1−Mm) ·Gm +Mm · ψm, (11)

where ψm denotes a learnable token for masked guidance.
These soft-masked featuresG′

m are concatenated with the
noised trajectory state Yk and the corresponding diffusion
step embeddingEk, then used to predict noise ϵk ∈ Rtobs×2.

ϵk = NoiseEstimator(Concat(G′
o, G

′
s, G

′
l, Yk, Ek)). (12)

Although the denoising network predicts the added noise
ϵk, directly learning the full noise can be suboptimal due
to its inherent stochasticity. To address this, we introduce a
residual refinement module that explicitly learns to correct
the residual error ∆ϵk not captured by the main diffusion
model. The final refined noise is computed as:

ϵrefined,k = ϵk +∆ϵk, (13)

where ∆ϵk = RefineNet(G′
o, G

′
s, G

′
l, ϵk, Ek) ∈ Rtobs×2 de-

notes the predicted residual by the refinement network.

Training Optimization
To train the proposed method, we incorporate the short-term
loss and the long-term loss in addition to the diffusion loss.

The short-term loss Ls supervises the intention estima-
tor to more accurately approximate pedestrian motion ten-
dencies within the observation context. Given the polar rep-
resentation (θ, r) of intention, the angular component is
trained using cosine distance to address its circular nature,
while the magnitude is optimized via mean squared error.

Lθ =
1

T ×N

N∑
i=1

T∑
t=1

(
1− cos(θ̂it − θit)

)
, (14)

Lr =
1

T ×N

N∑
i=1

T∑
t=1

MSE
(
r̂it − rit

)
, (15)

Ls = λθ · Lθ + λr · Lr, (16)

where θ̂it and r̂it are the predicted values, and θit and rit are
the corresponding ground truths. The loss weights λθ and λr
are empirically set to 0.5 and 0.25.

The long-term loss guides the endpoint estimator to cap-
ture global motion patterns and accurately predict pedestrian
destinations. Rather than optimizing over all candidate end-
points, which could dilute the learning signal due to the in-
herently multimodal nature of human motion, the endpoint
loss Le focuses on only minimizing the distance between the
ground-truth endpoint and the closest predicted candidate.

Le =
1

N

N∑
i=1

min
j∈L

MSE(êij , e
i), (17)

where êi and ei denote the predicted and ground-truth end-
points, respectively.

Additionally, a negative log-likelihood loss Lp boosts the
confidence of the closest goal, encouraging high probabil-
ity for accurate predictions. To suppress incorrect candidates
and enforce a sharper distribution, a penalty term is added.

Lp =
1

N

N∑
i=1

(− log p̂il∗ +
∑
l ̸=l∗

log p̂il), (18)

Ll = λe · Le + λp · Lp, (19)

where p̂i is the predicted probability over endpoint candi-
dates, and l∗ indicates the index of the predicted endpoint
closest to the ground truth. The loss weights λe and λp are
set to 1.0 and 0.5, respectively.

The diffusion loss effectively guides the noise estimator
to generate reliable predictions Yk for use during inference,
and is subsequently integrated with both the short intention
and goal objectives to form the final weighted training loss.

Ldif = Ek ∥ϵk − ϵ̂refined,k∥2 , (20)

L = Ls + Ll + λdif · Ldif , (21)
where the diffusion weight λdif is empirically set to 1.

Inference
The reverse diffusion process is typically modeled as a con-
ditional Markov chain, which gradually denoises inputs to
generate trajectories. However, its stochasticity and iterative
nature incur high computational costs and may cause de-
viations from ground truth. To mitigate this, we adopt the
deterministic DDIM sampling strategy, which removes ran-
domness and reduces inference steps. Under this method, a
sample Yk−γ is deterministically derived from Yk as:

Yk−γ =
√
αk−γ

(
Yk −

√
1− αk ϵrefined√

αk

)
+

√
1− αk−γ ϵrefined.

(22)

Experiments
Experimental Settings
Datasets: We evaluate the model on four pedestrian
trajectory datasets: ETH (Pellegrini et al. 2009), UCY
(Alon Lerner 2007), Stanford Drone Dataset (SDD) (Robic-
quet et al. 2016), and NBA Dataset. SDD is a large-scale
dataset captured from a bird’s-eye view using drone cam-
eras. The ETH dataset comprises ETH and HOTEL, while
the UCY dataset includes ZARA1, ZARA2, and UNIV. The
NBA SportVU dataset tracks the trajectories of players and
the ball during NBA basketball games. All sequences consist
of 8 observed and 12 predicted frames over 8 seconds.

Metrics: Following previous works, we adopt two stan-
dard evaluation metrics. Average Displacement Error (ADE)
measures the mean Euclidean distance between the pre-
dicted and ground-truth trajectories over all prediction time
steps, while Final Displacement Error (FDE) computes the
Euclidean distance between the predicted final position and
the ground-truth endpoint. In line with prior studies, we re-
port the best result among 20 sampled trajectories.
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Method Venue Year ETH HOTEL UNIV ZARA1 ZARA2 AVG

Social-GAN CVPR 2018 0.87 / 1.62 0.67 / 1.37 0.76 / 1.52 0.35 / 0.68 0.42 / 0.84 0.61 / 1.21
Social-STGCNN CVPR 2020 0.64 / 1.11 0.49 / 0.85 0.44 / 0.79 0.34 / 0.53 0.30 / 0.48 0.44 / 0.75
Social-VAE ECCV 2022 0.41 / 0.58 0.13 / 0.19 0.21 / 0.36 0.17 / 0.29 0.13 / 0.22 0.21 / 0.33
MID CVPR 2022 0.39 / 0.66 0.13 / 0.22 0.22 / 0.45 0.17 / 0.30 0.13 / 0.27 0.21 / 0.38
LED CVPR 2023 0.39 / 0.58 0.11 / 0.17 0.26 / 0.43 0.18 / 0.26 0.13 / 0.22 0.21 / 0.33
Graph-TERN AAAI 2023 0.42 / 0.58 0.14 / 0.23 0.26 / 0.45 0.21 / 0.37 0.17 / 0.29 0.24 / 0.88
EigenTrajectory ICCV 2023 0.36 / 0.53 0.12 / 0.19 0.24 / 0.43 0.19 / 0.33 0.14 / 0.24 0.21 / 0.34
TUTR ICCV 2023 0.40 / 0.61 0.11 / 0.18 0.23 / 0.42 0.18 / 0.34 0.13 / 0.25 0.21 / 0.36
SMEMO TPAMI 2024 0.39 / 0.59 0.14 / 0.20 0.23 / 0.41 0.19 / 0.32 0.15 / 0.26 0.22 / 0.35
HighGraph CVPR 2024 0.40 / 0.55 0.13 / 0.17 0.20 / 0.33 0.17 / 0.27 0.11 / 0.21 0.20 / 0.30
PPT ECCV 2024 0.36 / 0.51 0.11 / 0.15 0.22 / 0.40 0.17 / 0.30 0.12 / 0.21 0.20 / 0.31
MoFlow CVPR 2025 0.40 / 0.57 0.11 / 0.17 0.23 / 0.39 0.15 / 0.26 0.12 / 0.22 0.20 / 0.32

Ours – – 0.34 / 0.52 0.15 / 0.24 0.20 / 0.36 0.15 / 0.24 0.11 / 0.20 0.19 / 0.31

Table 1: Quantitative comparisons with state-of-the-art methods on the ETH/UCY dataset. Bold numbers indicate the best
performance. Underlined numbers denote the second-best results.

Time Social-GAN
CVPR/2018

Social-STGCNN
CVPR/2020

PECNet
ECCV/2020

NPSN
CVPR/2022

GroupNet
CVPR/2022

MID
CVPR/2022

LED
CVPR/2023

MoFlow
CVPR/2025 Ours

1.0s 0.41/0.62 0.34/0.48 0.40/0.71 0.35/0.58 0.26/0.34 0.28/0.37 0.18/0.27 0.18/0.25 0.21/0.25
2.0s 0.81/1.32 0.71/0.94 0.83/1.61 0.68/1.23 0.49/0.70 0.51/0.72 0.37/0.56 0.34/0.47 0.32/0.45
3.0s 1.19/1.94 1.09/1.77 1.27/2.44 1.01/1.76 0.73/1.02 0.71/0.98 0.58/0.84 0.52/0.67 0.48/0.75

Total (4.0s) 1.59/2.41 1.53/2.26 1.69/2.95 1.31/1.79 0.96/1.30 0.96/1.27 0.81/1.10 0.71/0.87 0.79/0.99

Table 2: Quantitative comparisons on NBA dataset. Bold indicates the best results, while underlined indicates the second-best.

Implementation: The network is implemented in Py-
Torch. The noise estimation module uses 4 Transformer
layers with hidden size 512 and 4 attention heads. The
short-term intention estimator employs 4 self-attention lay-
ers mapping features to 256 dimensions, while the long-term
endpoint estimator adopts a similar structure with cross-
attention to capture trajectory-level context. We set diffu-
sion steps to K = 100 and apply DDIM sampling with
stride 20. The model is trained using Adam with learning
rate 0.001 and batch size 256. All experiments are conducted
on NVIDIA RTX 5090 GPUs and Intel Xeon 8481C CPUs.

Quanitative Evaluation
Compared methods: MoFlow (Fu et al. 2025), PPT (Lin
et al. 2024), HighGraph (Kim et al. 2024), SMEMO
(Marchetti et al. 2024), TUTR (Shi et al. 2023), EigenTra-
jectory (Bae, Oh, and Jeon 2023), Graph-TERN (Bae and
Jeon 2023), LED (Mao et al. 2023), MID (Gu et al. 2022),
Social-VAE (Xu, Hayet, and Karamouzas 2022), Social-
STGCNN (Mohamed et al. 2020), Sophie (Sadeghian et al.
2019), Social-GAN (Gupta et al. 2018), PECNet (Mangalam
et al. 2020), NPSN (Bae, Park, and Jeon 2022), GroupNet
(Xu et al. 2022), and PCCSNet (Sun et al. 2021).

The quantitative evaluation results on the UCY/ETH
datasets are summarized in Table 1. Despite variations
across individual subsets, our method consistently delivers
competitive performance. Specifically, it achieves the low-
est ADE on 4 out of 5 datasets and ranks either first or sec-
ond in FDE on 4 of them. On average, the ADE is reduced
from 0.20 to 0.19. In the ETH scenario, our method attains
the best ADE, lowering it from 0.36 to 0.34. Similarly, for
the Zara1 subset, the ADE is reduced from 0.17 to 0.15, and

Methods Venue Year ADE FDE

Social-GAN CVPR 2018 27.23 41.44
Sophie CVPR 2019 16.27 29.38
PECNet ECCV 2020 9.96 15.88
PCCSNet ICCV 2021 8.62 16.16
Social-VAE ECCV 2022 8.10 11.72
MID CVPR 2022 7.61 14.30
LED CVPR 2023 8.48 11.66
TUTR ICCV 2023 7.76 12.69
PPT ECCV 2024 7.03 10.65
MoFlow CVPR 2025 7.50 11.96

Ours – – 6.85 11.22

Table 3: Comparisons with state-of-the-art methods on the
SDD dataset. Text in bold numbers denotes the best result.

the FDE from 0.27 to 0.24. On the NBA dataset Table 2,
our method attains the lowest ADE at 2 s and 3 s, as well as
the lowest FDE at the 1 s and 2 s horizons. Additionally, as
shown in Table 3, the proposed method achieves competitive
results on the SDD dataset, with ADE reduced from 7.03 to
6.85 and the second-best FDE.

Qualitative Evaluation
To qualitatively evaluate our model, we visualize represen-
tative cases and compare with MID and Social-VAE.

As shown in Figure 5, which visualizes four examples per
dataset, our method consistently produces trajectories that
align more closely with the ground truth than competing ap-
proaches. For instance, in the first two ETH cases involving
subtle turns, all methods capture the motion trend, but ours
more accurately follows the true path. In the first ZARA ex-
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Figure 5: Visualisation of prediction results on the
ETH/UCY dataset. Our method (yellow) is compared with
MID (purple) and Social-VAE (cyan) across four scenarios
from ETH and UCY datasets.

Figure 6: Illustration of predicted endpoints on three scenar-
ios from the SDD dataset.

ample, where a sharp turn occurs, only our method adapts
well, producing a precise trajectory. Additionally, Figure 6
illustrates predicted endpoint candidates on the SDD dataset.
While some predictions deviate, our model reliably includes
candidates near the true goal, offering strong guidance for
accurate future trajectory generation.

Ablation Study
To assess the impact of different model components, we con-
duct ablation studies on the following aspects.

As shown in Table 4, removing either the short or long in-
tention branch degrades performance, indicating that both
levels of intention modeling are crucial for accurate pre-
diction. In contrast, omitting the softmask or residual noise
refinement yields smaller yet consistent drops, suggesting
that these modules mainly stabilize the diffusion process and
modulate intention conditioning. Overall, the results suggest
that intention modeling drives most of the gains, with archi-
tectural refinements playing a complementary role.

Similarly, an ablation study on the number of candidate
endpoints M was conducted, as shown in Table 5. Results
indicate that prediction performance is sensitive to M , and
the relationship is not linear. Overall performance across
scenarios is maximized when M is 5. A possible explana-

tion is that too many candidates may dilute the model’s fo-
cus, making it harder to capture a coherent and interpretable
intention distribution, while too few may limit its ability to
represent the diversity of plausible intent hypotheses.

We further evaluate the impact of diffusion steps K by
varying it from 10 to 200, with detailed results shown in Ta-
ble 6. Overall prediction performance consistently peaks at
K = 100, where both ADE and FDE reach their lowest val-
ues. Too few steps may hinder the model’s ability to effec-
tively capture fine-grained noise transitions, while too many
make subtle differences between steps harder to distinguish,
potentially exceeding the model’s representational capacity.

Long Short Softmask Refine ETH & UCY SDD

✓ ✓ ✓ ✓ 0.19 / 0.31 6.85/ 11.22
✓ ✓ ✓ 0.23 / 0.35 7.92/ 12.45
✓ ✓ ✓ 0.25 / 0.41 9.25/ 13.82
✓ ✓ ✓ 0.31 / 0.38 8.96/ 13.12

✓ ✓ ✓ 0.29 / 0.36 8.91/ 12.79

Table 4: Ablation study on model components on the ETH,
UCY, and SDD. Bold is the best.

M 1 3 5 10 20

ETH 0.39/0.61 0.36/0.56 0.34/0.52 0.33/0.52 0.40/0.59
HOTEL 0.18/0.31 0.15/0.28 0.15/0.24 0.18/0.25 0.21/0.26
UNIV 0.25/0.39 0.21/0.35 0.20/0.36 0.20/0.41 0.23/0.42
ZARA1 0.20/0.29 0.18/0.27 0.15/0.24 0.16/0.30 0.24/0.32
ZARA2 0.16/0.29 0.11/0.24 0.11/0.20 0.17/0.20 0.29/0.32

AVG 0.24/0.38 0.20/0.34 0.19/0.31 0.21/0.34 0.27/0.38

Table 5: Ablation study on the number of endpoint candi-
dates M on the ETH and UCY datasets. Bold is the best.

K 10 50 100 150 200

ETH 0.37/0.58 0.34/0.53 0.34/0.52 0.36/0.60 0.39/0.65
HOTEL 0.16/0.29 0.16/0.23 0.15/0.24 0.18/0.25 0.21/0.27
UNIV 0.23/0.38 0.20/0.38 0.20/0.36 0.23/0.36 0.23/0.42
ZARA1 0.19/0.29 0.17/0.26 0.15/0.24 0.14/0.25 0.16/0.25
ZARA2 0.13/0.22 0.11/0.22 0.11/0.20 0.12/0.23 0.14/0.23

AVG 0.22/0.35 0.20/0.32 0.19/0.31 0.21/0.34 0.23/0.36

Table 6: Ablation study on diffusion step K on the ETH and
UCY datasets. Bold is the best.

Conclusion
In this work, we propose a diffusion-based trajectory pre-
diction framework enhanced by long- and short-term in-
tentions. Short-term motion is represented in polar coordi-
nates for precise local modeling, while long-term intention
is captured via predicted endpoints providing global cues.
Softmask-based classifier-free guidance and residual noise
estimation improve generation quality by enhancing error
alignment during denoising. Experiments demonstrate com-
petitive performance against state-of-the-art methods.
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