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Abstract

Accurately predicting the future trajectories of traffic agents
is essential in autonomous driving. However, due to the in-
herent imbalance in trajectory distributions, tail data in nat-
ural datasets often represents more complex and hazardous
scenarios. Existing studies typically rely solely on a base
model’s prediction error, without considering the diversity
and uncertainty of long-tail trajectory patterns. We propose
an adaptive momentum and decoupled contrastive learning
framework (AMD), which integrates unsupervised and su-
pervised contrastive learning strategies. By leveraging an
improved momentum contrast learning (MoCo-DT) and de-
coupled contrastive learning (DCL) module, our framework
enhances the model’s ability to recognize rare and complex
trajectories. Additionally, we design four types of trajectory
random augmentation methods and introduce an online it-
erative clustering strategy, allowing the model to dynami-
cally update pseudo-labels and better adapt to the distribu-
tional shifts in long-tail data. We propose three different cri-
teria to define long-tail trajectories and conduct extensive
comparative experiments on the nuScenes and ETH/UCY
datasets. The results show that AMD not only achieves op-
timal performance in long-tail trajectory prediction but also
demonstrates outstanding overall prediction accuracy.

1. Introduction
Achieving high-level autonomous driving relies heavily on
the ability to accurately predict the future trajectories of sur-
rounding traffic agents [26, 45]. Precise trajectory predic-
tion enables autonomous vehicles to make informed deci-
sions, ensuring safety and efficiency in complex traffic en-
vironments. Despite significant advancements, autonomous
systems still face challenges in handling the vast diversity of
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Figure 1. Long-tail trajectory distributions defined from multiple
perspectives. Panels (a), (b), and (c) illustrate distributions based
on prediction error, the risk metric (inverse time-to-collision,
1/TTC), and vehicle state, respectively. Panel (d) presents ve-
hicle trajectories under various scenarios—such as turning, lane
changing, acceleration (acc.), and deceleration (dec.) maneu-
vers—offering a visual representation to facilitate understanding
of long-tail trajectories.

driving behaviors exhibited in real-world scenarios.
One critical challenge arises from the long-tail distri-

bution of driving behaviors. In real-world traffic, a small
number of common behaviors—such as steady cruising
or standard lane changes—occur frequently and dominate
datasets. In contrast, numerous rare but potentially haz-
ardous behaviors, like abrupt maneuvers or interactions
with erratic agents, are underrepresented. This imbalance
poses significant difficulties for trajectory prediction mod-
els, which tend to perform well on frequent behaviors but
struggle with rare ones. Addressing this issue is essential
for the safe and reliable operation of autonomous vehicles.

To advance the field, it is crucial to address several fun-
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damental questions that have been inadequately explored:
Q1: What exactly constitutes the long-tail challenge

in trajectory prediction? While data imbalance is a recog-
nized issue, prior studies often lack a precise definition of
the long-tail challenge in the context of trajectory prediction
for autonomous driving. The long-tail phenomenon refers
to a statistical distribution where a few common events (the
“head”) comprise the majority of data, while many rare
events (the “tail”) have few instances [21]. In trajectory
prediction, this means datasets are rich in common driv-
ing behaviors but sparse in rare ones. These rare behaviors,
however, are often critical for safety, involving complex ma-
neuvers or high-risk situations [27, 41].

Q2: How can we effectively identify and characterize
long-tail trajectories within datasets? Identifying which
trajectories constitute the long tail is challenging due to the
lack of explicit labels and the diversity of rare behaviors.
Existing methods often rely on model-specific prediction
errors to infer long-tail instances [19], which can be incon-
sistent across models and insufficient for capturing rare be-
haviors. A systematic approach is needed to identify long-
tail trajectories based on intrinsic properties, such as risk
levels, maneuver complexity, or other meaningful criteria.
This would enable a more comprehensive understanding of
underrepresented behaviors that are critical to safety.

Q3: How can we design models that accurately pre-
dict long-tail trajectories without compromising overall
performance? Efforts to improve prediction accuracy on
rare trajectories often face a trade-off with performance on
common behaviors [23, 38, 42]. Focusing excessively on
the tail can lead to overfitting or neglect of the head, reduc-
ing overall model effectiveness. Therefore, it is imperative
to develop learning strategies that can enhance the predic-
tion of rare trajectories while maintaining or even improv-
ing performance on common ones.

To address these critical questions, we propose a com-
prehensive approach to systematically tackle the long-tail
challenge in trajectory prediction. We begin by formally
defining the long-tail distribution in the context of au-
tonomous driving by analyzing real-world driving data, il-
lustrating how the imbalance manifests, and discussing its
implications for model performance and safety. Next, we
introduce a multi-criteria method for identifying long-tail
trajectories based on intrinsic properties such as prediction
error distribution, risk metrics like low time-to-collision
(TTC), and complex vehicle states. By integrating these
perspectives, as shown in Figure 1, we comprehensively
characterize long-tail trajectories, providing a holistic foun-
dation for developing targeted strategies to improve pre-
diction accuracy in these challenging cases. To address
the modeling challenges, we propose AMD, an Adaptive
Momentum and Decoupled Contrastive Learning Frame-
work designed to enhance prediction accuracy on long-

tail trajectories without compromising overall performance.
AMD incorporates adaptive momentum updating to empha-
size underrepresented samples, decoupled contrastive learn-
ing to balance optimization between head and tail classes,
innovative data augmentation strategies to simulate real-
world uncertainties and an online iterative clustering mech-
anism to adapt to distributional changes in the data.

Our work makes the following contributions:
1) We develop a multi-criteria method to identify and

characterize long-tail trajectories based on intrinsic proper-
ties, enabling targeted improvements in prediction models.
Defining long-tail trajectories by prediction error, risk met-
rics, and vehicle states ensures the model can effectively
handle diverse and complex scenarios.

2) We propose an adaptive and robust framework that
effectively balances learning between common and rare tra-
jectories, enhancing prediction accuracy on long-tail data
without degrading overall performance.

3) We conduct comprehensive experiments that consis-
tently demonstrate AMD’s superior performance in terms
of accuracy, adaptability, and reliability compared to ex-
isting state-of-the-art (SOTA) methods, validating its effec-
tiveness across various challenging scenarios.

2. Related Work

Trajectory prediction is a key challenge in autonomous driv-
ing. Early methods based on kinematic and statistical mod-
els [29] are computationally efficient but struggle with com-
plex environmental influences, limiting accuracy. Driven
by data-centric approaches such as VectorNet [11], deep
learning models have shown remarkable potential in tra-
jectory prediction. Architectures such as Recurrent Neural
Networks (RNNs) [1, 28], Graph Neural Networks (GNNs)
[24, 43, 44], and Transformers [22, 23, 34, 38] have signif-
icant strengths in modeling temporal and spatial dependen-
cies. However, capturing the inherent uncertainty in vehicle
motion remains a major challenge in trajectory prediction.

2.1. Long-Tail Trajectory Prediction

Although existing trajectory prediction models perform
well on benchmark datasets, they often struggle with rare
or challenging scenarios—an issue known as the long-tail
challenge in trajectory prediction [25]. In data-driven deep
learning models, prediction performance heavily relies on
data quality, and the inherent data imbalance exacerbates
the long-tail problem [21]. This issue is not unique to tra-
jectory prediction and is observed across various domains,
such as image classification and natural language process-
ing [31]. Numerous strategies, including data resampling
[14] and loss re-weighting [37], have been proposed to ad-
dress this problem. Recently, some studies have specifically
targeted long-tail trajectory prediction. For example, FEND
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Figure 2. Overview of the proposed AMD framework. Panel (a) illustrates the structure of the model, including the Encoder, Interaction
Module, and Predictor, which collectively enable multimodal trajectory prediction. This model takes as input the target agent, surrounding
agents, and HD maps, ultimately outputting predicted multimodal trajectories. Panels (b) and (c) present details of the Adaptive Momentum
Contrastive Learning (MoCo-DT) module design and the Decoupled Contrastive Learning (DCL) module.

[46] framework enhances long-tail prediction by augment-
ing future trajectories. TrACT [51] architecture identifies
long-tail trajectories based on training curves. Hi-SCL [19]
represents traffic scenarios as waveforms to improve fea-
ture extraction in long-tail trajectory prediction. These ef-
forts underscore the increasing importance and interest in
developing specialized techniques to effectively address the
long-tail problem in trajectory prediction.

2.2. Contrastive Learning

Traditional contrastive learning [8] is an unsupervised strat-
egy that compares different views of data to learn simi-
lar and distinct features, forming effective representations.
Momentum Contrast (MoCo) [16] is an unsupervised con-
trastive learning framework that overcomes the issue of up-
dating the contrastive sample pool by maintaining a dy-
namic memory, and enhancing representation learning.

Supervised contrastive learning [17, 49] adds label in-
formation to guide the construction of positive and negative
pairs, improving the model’s ability to group similar sam-
ples and distinguish dissimilar ones. This method is more
robust than unsupervised learning. In trajectory prediction,
various frameworks have applied contrastive learning to en-
hance learning on underrepresented samples [6, 19, 46].
However, these methods often overlook the specific chal-
lenges of recognizing and predicting long-tail trajectories.
Unlike previous methods, our study proposes a dual-layer

contrastive framework combining unsupervised and super-
vised strategies, enhancing long-tail trajectory recognition
and enabling more accurate predictions.

3. Methodology

Problem Formulation. Trajectory prediction is a typical
temporal sequence prediction problem. Given a traffic sce-
nario containing n + 1 agents, the motion of all agents
is represented as a series of state sequences, denoted as
{Xi, Yi} (i ∈ [0, n]). Here, Xi = {Xt

i |t ∈ [0, Th]} rep-
resents the past observed trajectory of agent i, which in-
cludes information such as the agent’s position, speed, and
heading angle of agent i and its surrounding agents, and
Yi = {Y t

i |t ∈ [Th, Th + Tf ]} represents the future tra-
jectory of agent i, also known as the ground truth. The road
map information is represented as a series of feature vectors
MN = {m1, ...,mN}. Therefore, the trajectory prediction
task is defined as predicting the future trajectory Yi of the
target agent based on the observed past trajectory Xi and
environmental context MN .
Overview. The overall framework of AMD described in
Figure 2, starts with four augmentation strategies that ran-
domly enhance the target agent’s trajectory. Both the origi-
nal and augmented trajectories are processed by a feature
encoder, producing high-dimensional feature representa-
tions. A scene interaction module employing self-attention
and cross-attention mechanisms integrates the target agent’s

28851



features with those of surrounding agents and maps data to
create a contextualized representation. These features are
then used as positive samples in an improved momentum
contrastive learning module (MoCo-DT). An online itera-
tive clustering strategy generates pseudo-labels, and input
into a decoupled contrastive learning (DCL) module. Fi-
nally, a multi-modal trajectory decoder predicts future tra-
jectories across different modes.

3.1. Trajectory Augmentation
To address data imbalance and enhance model generaliza-
tion, we draw inspiration from [6] and propose four novel
augmentation methods for short-term trajectories: (1) Sim-
plify, (2) Shift, (3) Mask, and (4) Subset. These methods
are designed to improve the model’s robustness against real-
world uncertainties in trajectory prediction and enhance ac-
curacy for long-tail trajectories. Specifically: (1) Simplify
reduces redundant points to emphasize primary movement
patterns; (2) Shift applies random displacements to sim-
ulate external perturbations; (3) Mask randomly discards
data points to mimic sensor failures; and (4) Subset selects
consecutive subsequences to emulate incomplete temporal
information. By generating diverse trajectory transforma-
tions, these methods enable the model to better adapt to
varying patterns during training. Our experiments further
confirm that such targeted augmentations lead to substan-
tial performance gains in challenging scenarios. Detailed
implementations are provided in Appendix.

3.2. Trajectory Feature Extractor
Feature Encoder. The trajectory encoder converts raw
and augmented trajectory data into high-dimensional repre-
sentations, providing quality feature inputs for subsequent
tasks. We use a hierarchical embedding method combin-
ing Multi-Layer Perceptron (MLP), a Transformer Encoder
(TrEnc), and Gated Recurrent Unit (GRU) to capture tra-
jectory temporal features. To model driver memory decay,
the final GRU hidden states are used as encoding features
for the target agent Ftar and neighboring agents Fnbr. For
the HD map M , lane nodes and lines are represented as
discrete vectors [11], and hierarchical extraction yields the
high-dimensional map encoding Flane.

Ftar = ϕG (ϕT (ϕM (ttar)) + ϕM (ttar)) (1)

Fnbr = ϕG (ϕT (ϕM (tveh, tped)) + ϕM (tveh, tped)) (2)

Flane = ϕA (ϕG (ϕM (lnode)) , A) (3)

where ϕM , ϕT , ϕG, and ϕA denote embedding functions
implemented by the MLP, TrEnc, GRU and GAT. ttar, tveh,
tped, and lnode represent the input features of the target
agent, surrounding vehicles, pedestrians, and lane nodes,
respectively. A is the adjacency matrix of the lane nodes.

Scene Interaction Encoder. To capture the dynamic inter-
actions between the target agent and its surrounding envi-
ronment, we designed a scene interaction encoder that in-
corporates a latent variable mechanism to generate diverse
potential trajectory patterns. This module uses a unified
cross-modal attention mechanism to fuse information from
multiple modalities, including target features, surrounding
agent features, and road node features. The result is a set of
multimodal fused features Fcross, generated through posi-
tional encoding(pos) and multi-head attention (MHA).

Fcross = MHA(Hmode + pos,Kt+n+l, Vt+n+l) (4)

where Hmode represents the pattern features generated by
the latent variable mechanism, and Kt+n+l and Vt+n+l are
the merged key and value, which include features of the tar-
get, surrounding agents, and road nodes. Further details are
in the Appendix.

3.3. Momentum Contrastive Learning
In long-tail prediction tasks, rare samples are often over-
looked due to their scarcity. To address this, we propose
an improved Dynamic Momentum and Top-K Hard Neg-
ative Mining method (MoCo-DT), which improves the fo-
cus on long-tail samples in contrastive learning. Compared
to the original MoCo approach [16], MoCo-DT dynami-
cally adjusts the momentum coefficient m based on training
progress t and total duration T , employing distinct coeffi-
cients me,mm,ml for the early, middle, and late training
stages, respectively, to adapt to different training stages.

The Top-K Hard Negative Mining mechanism strength-
ens the model’s ability to distinguish challenging long-tail
samples by selecting the most similar negative samples.
Specifically, this mechanism computes the similarity be-
tween the query sample and both positive and negative
samples, dynamically selecting the Top-K hardest negatives
from the negative set to emphasize learning from difficult
long-tail features in contrastive training.

lpos = sim(q, k+), lneg = sim(q, k−)

{k−1 , . . . , k
−
K} = TopKk−(sim(q, k−))

(5)

where sim() denotes the similarity function, q is the query
encoding, and k+ and k− represent positive and negative
encodings, respectively. K is the number of hard nega-
tive samples selected, and TopK refers to selecting the top
K samples with the highest similarity to the query sample
among the negative samples.

The final contrastive loss is constructed by comparing
the positive sample with the Top-K hard negative samples,
calculated as follows:

Lmoco = − log
exp(sim(q, k+)/τ)

exp(sim(q, k+)/τ) +
∑K

i=1 exp(sim(q, k−
i )/τ)

(6)

where τ is a temperature parameter. This design allows the
model to focus on challenging long-tail features.
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3.4. Online Iterative Clustering Strategy
Traditional methods typically use static clustering on
encoder-derived features with fixed labels, which struggle
to adapt to dynamic feature distributions, especially in long-
tail data. To address this, we propose an Online Iterative
Clustering Strategy that dynamically updates pseudo-labels
during training to improve recognition of long-tail patterns.

This strategy involves clustering sample features in each
training epoch to generate adaptive pseudo-labels. After
each mini-batch, target feature representations are stored in
a feature set. At predefined intervals, K-means clustering
[15] is applied to this set to create clusters representing dis-
tinct trajectory patterns, with clustering outcomes serving
as pseudo-labels. By continuously updating these labels,
our approach effectively captures subtle variations in rare
trajectories, improving robustness and accuracy in long-tail
trajectory identification.

3.5. Decoupled Contrastive Learning
Decoupled Contrastive Learning (DCL) [49] is a type of su-
pervised contrastive learning approach. Compared with tra-
ditional contrastive methods, DCL mitigates the bias toward
head classes with high frequency, thus enhancing the pre-
diction performance on long-tail data. By assigning differ-
ent weights to positive samples from two categories, DCL
achieves a balanced representation of both head and tail
classes. DCL employs an L2 regularization to prevent the
optimization from being influenced by class sample sizes.
This approach effectively maximizes inter-class distance
while minimizing intra-class distance, ensuring robust per-
formance across head and tail classes. The DCL loss func-
tion is defined as:

Ldcl =
−1

|Pi|+ 1

∑
qt∈{q+i ,Pi}

log
exp(wr · ⟨qt, qi⟩/τ)∑

qm∈{q+i ,Ui}
exp(⟨qi, qm⟩/τ)

(7)
where qi and q+i are features of positive samples in the

same category, and Ui is the set of all other category fea-
tures. Pi denotes the set of features in a given category, τ is
a temperature parameter, and wr is the weight defined as:

wr =

{
α(|Pi|+ 1), if qi = q+i
(1− α)(|Pi|+ 1)/|Pi|, if qi ∈ Pi

(8)

where α ∈ [0, 1] is a hyperparameter balancing the weight-
ing between within-category and inter-category samples.

3.6. Multi-modal Decoder
In long-tail trajectory prediction, the target agent may have
multiple possible future paths. To address this, we design a
Multi-modal Decoder that captures diverse trajectory modes
using a latent variable mechanism and a Laplace Mixture
Density Network (Laplace MDN). A single-layer GRU de-
coder generates varied trajectories, with the Laplace MDN

outputting position, scale parameters, and probabilities to
assess each mode’s likelihood.

3.7. Training Loss
For multi-modal trajectory prediction, we employ a Laplace
negative log-likelihood as the regression loss Lreg and a
cross-entropy loss Lcls for mode classification, with direct
training loss Ltarget as the task loss Ltask. To further en-
able the model to capture long-tail trajectory characteristics,
we incorporate momentum contrastive loss and decoupled
contrastive loss to ensure the accuracy of trajectory predic-
tion. The final total loss L is defined as follows:

Ltask = Ltarget + γ1Lreg + γ2Lcls (9)

L = Ltask + λ1Lmoco + λ2Ldcl (10)

where γ1, γ2, λ1, and λ2 are weighting parameters.

4. Experiments
4.1. Experimental Setup
Datasets. We evaluate our proposed method on the
nuScenes [3] and ETH/UCY [20, 36] datasets, which con-
tain real-world traffic data for vehicle and pedestrian sce-
narios, respectively, covering diverse trajectory patterns.
Long-tail Subset. To validate our model on long-tail data,
we divide the dataset using three distinct criteria, differing
from previous studies in long-tail trajectory prediction:
• Prediction Error: The dataset is divided into seven sub-

sets based on prediction error: the Top 1%-5% with the
highest errors, the remaining samples, and all samples.

• Risk Metric: We use (TTC) as a risk metric, identifying
the Top 1%-3% of samples with the lowest TTC values,
representing high-risk scenarios for target agents.

• Vehicle State: We categorize samples based on the tar-
get agent’s behavior, specifically labeling rapid acceler-
ation, rapid deceleration, sharp lane changes, and sharp
turns, creating four distinct long-tail subsets.
This multi-criteria approach avoids the limitations of sin-

gle criteria definitions for long-tail trajectories and provides
a more comprehensive evaluation of the model’s perfor-
mance on diverse long-tail trajectories.
Metrics. We evaluate trajectory prediction performance
using Average Displacement Error (ADE), Final Displace-
ment Error (FDE), and Miss Rate (MR). For long-tail sam-
ples, we use minimum ADE (minADE) and minimum FDE
(minFDE) to better assess performance on challenging sam-
ples. For overall multi-modal prediction, we use minADEk

and minFDEk to evaluate the top-K predicted trajectories.
Implementation Details. In our experiments, the loss func-
tion weight parameters are set to γ1 = 1, γ2 = 0.5, λ1 = 1,
and λ2 = 0.1. For MoCo-DT, the parameters me, mm, and
ml are set to 0.95, 0.99, and 0.999, respectively. All models
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Dataset Model Top 1% Top 2% Top 3% Top 4% Top 5% Rest ALL

nuScenes

Traj++ EWTA [32] 1.73/4.43 1.36/3.54 1.17/3.03 1.04/2.68 0.95/2.41 0.16/0.26 0.22/0.39
Traj++ EWTA+contrastive [32] 1.28/2.85 0.97/2.15 0.83/1.83 0.76/1.64 0.70/1.48 0.15/0.24 0.18/0.30

FEND [46] 1.21/2.50 0.92/1.88 0.79/1.61 0.72/1.43 0.66/1.31 0.14/0.20 0.17/0.26
TrACT [51] 1.23/2.65 0.98/2.11 0.85/1.82 0.78/1.64 0.72/1.49 - 0.19/0.31
AMD (Ours) 1.08/1.66 0.85/1.33 0.75/1.15 0.69/1.03 0.64/0.95 0.18/0.16 0.21/0.21

ETH/UCY

Traj++ EWTA [32] 0.98/2.54 0.79/2.07 0.71/1.81 0.65/1.63 0.60/1.50 0.14/0.26 0.17/0.32
Traj++ EWTA+resample [39] 0.90/2.17 0.77/1.90 0.73/1.78 0.66/1.60 0.64/1.52 0.20/0.41 0.23/0.47

Traj++ EWTA+reweighting [9] 0.97/2.47 0.78/2.03 0.68/1.73 0.62/1.55 0.56/1.40 0.15/0.26 0.18/0.32
Traj++ EWTA+contrastive [32] 0.92/2.33 0.74/1.91 0.67/1.71 0.60/1.48 0.55/1.32 0.15/0.27 0.17/0.32

LDAM [4] 0.92/2.35 0.76/1.96 0.68/1.71 0.62/1.53 0.57/1.37 0.15/0.27 0.17/0.33
FEND [46] 0.84/2.13 0.68/1.68 0.61/1.46 0.56/1.30 0.52/1.19 0.15/0.27 0.17/0.32
TrACT [51] 0.80/2.00 0.65/1.63 0.61/1.46 0.56/1.31 0.52/1.18 - 0.17/0.32
AMD (Ours) 0.76/1.75 0.66/1.59 0.58/1.37 0.54/1.25 0.51/1.16 0.16/0.24 0.18/0.27

Table 1. Prediction errors (minADE/minFDE) for seven test samples from the nuScenes and ETH/UCY datasets, categorized by prediction
error (FDE). For comparison with other methods, the nuScenes dataset uses a prediction horizon of 2s, while the ETH/UCY dataset uses
a prediction horizon of 4.8s. The Top 1%-5% refers to the subset of samples with the largest prediction errors. Bold and underlined text
represent the best and second-best results, respectively. Cases marked with (’-’) indicate missing values.

are trained on an NVIDIA RTX 3090 GPU. For additional
experimental setup details, please refer to the Appendix.

4.2. Comparisons to SOTA
(i) Quantitative Comparison under Prediction Error. To
demonstrate the effectiveness of our method, we compared
it with state-of-the-art long-tail trajectory prediction mod-
els. As shown in Table 1, our method outperforms other
models on the Top 1%-5% most challenging long-tail sam-
ples. For the Top 1% hardest samples, our method achieves
an error of 1.08/1.66, reducing error by 14.9% and 33.6%
compared to the closest competing model. Additionally, for
all samples (All), our method also demonstrates superior
performance, reducing the minFDE by 19.2% compared
to the closest competing model. These results highlight
AMD’s advantages in long-tail trajectory prediction and its
competitive edge in overall accuracy, with high precision
and consistency across different levels of sample difficulty.
(ii) Quantitative Results under Risk Metric and Vehicle
State. To validate our model’s effectiveness in challeng-
ing long-tail scenarios, we compared it against a leading
baseline [7] using the Risk and State subsets from nuScenes
(Tables 2 and 3). These metrics provide deeper insights into
performance based on collision risk and motion patterns.
As shown in Table 2, our model excels in high-risk situ-
ations, improving upon the baseline by 8.5% in minADE
and 25.8% in minFDE for the Top 1% risk group. This ad-
vantage is also evident in scenarios with aggressive maneu-
vers (Table 3). Notably, for the difficult Sharp Lane Change
(SLC) subset, our model achieves a 2.7% lower minADE
and a 14.0% lower minFDE, underscoring its superior per-
formance and robustness in critical long-tail conditions.
(iii) Quantitative Comparison on All Samples. To vali-
date the overall effectiveness of our method, we compared
it with SOTA trajectory prediction models on the nuScenes

Risk Top 1% Top 2% Top 3% ALL

Q-EANet [7] 0.71/0.97 0.71/0.96 0.78/1.06 0.70/0.99
AMD (Ours) 0.65/0.72 0.72/0.83 0.70/0.87 0.69/0.88

Table 2. Comparison of prediction errors (minADE/minFDE) on
the nuScenes dataset, categorized by risk level. The Top 1%-3%
subsets represent trajectories with the highest collision risk.

State RA RD SLC ST Normal ALL

Q-EANet [7] 0.86/1.14 0.96/1.15 1.13/1.64 0.97/1.37 0.61/0.89 0.70/0.99
AMD (Ours) 0.80/1.01 0.90/1.08 1.10/1.41 0.94/1.28 0.61/0.78 0.69/0.88

Table 3. Comparison of prediction errors (minADE/minFDE) on
the nuScenes dataset, categorized by vehicle motion state for the
six test samples. RA: Rapid Acceleration, RD: Rapid Decelera-
tion, SLC: Sharp Lane Change, ST: Sharp Turn.

Model minADE5 minADE10 minFDE1 MR5

Trajectron++ [38] 1.88 1.51 9.52 0.70
P2T [10] 1.45 1.16 - 0.64

LaPred [18] 1.47 1.12 8.12 0.53
GoHome [12] 1.42 1.15 6.99 0.57

ContextVAE [47] 1.59 - 8.24 -
SeFlow [52] 1.38 0.98 7.89 0.60

AFormer-FLN [48] 1.83 1.32 - -
AMD (Ours) 1.23 1.06 6.99 0.50

Table 4. Comparison of the performance of various models across
all samples on nuScenes dataset, using 6s trajectory predictions.

and ETH/UCY datasets. In Table 4, our model outperforms
others in terms of minADE5 and MR5 metrics, achieving
improvements of 10.9% and 5.7%, respectively, over the
leading model. Results on ETH/UCY (Table 5) further con-
firm the AMD model’s superiority, surpassing others across
all scenarios with average improvements of 5.3% in mi-
nADE and 12.9% in minFDE over the second-best model.
These consistent and substantial performance gains clearly
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Model Venue ETH HOTEL UNIV ZARA1 ZARA2 AVG

PECNet [33] ECCV 0.54/0.87 0.18/0.24 0.22/0.39 0.17/0.30 0.35/0.60 0.29/0.48
AgentFormer [50] ICCV 0.45/0.75 0.14/0.22 0.25/0.45 0.18/0.30 0.14/0.24 0.23/0.39
Trajectron++ [38] ECCV 0.39/0.83 0.12/0.21 0.20/0.44 0.15/0.33 0.11/0.25 0.19/0.41

NPSN [2] CVPR 0.36/0.59 0.16/0.25 0.23/0.39 0.18/0.32 0.14/0.25 0.21/0.36
MID [13] CVPR 0.39/0.66 0.13/0.22 0.22/0.45 0.17/0.30 0.13/0.27 0.21/0.38

TUTR [40] ICCV 0.40/0.61 0.11/0.18 0.23/0.42 0.18/0.34 0.13/0.25 0.21/0.36
PPT [30] ECCV 0.36/0.51 0.11/0.15 0.22/0.40 0.17/0.30 0.12/0.21 0.20/0.31

AMD (Ours) - 0.32/0.42 0.09/0.13 0.20/0.34 0.16/0.26 0.12/0.21 0.18/0.27

Table 5. Comparison of the performance (minADE/minFDE) of various models across all samples on the ETH/UCY dataset.

Model
Components Performance (minADE/minFDE)

TA Moco-DT IC DCL Top 1% Top 2% Top 3% Top 4% Top 5% Rest ALL
A × × × × 1.55/2.41 1.23/1.90 1.06/1.65 0.97/1.49 0.90/1.37 0.24/0.23 0.28/0.29
B × ✓ ✓ ✓ 1.47/2.05 1.10/1.57 0.95/1.35 0.85/1.21 0.79/1.10 0.20/0.18 0.23/0.22
C ✓ × ✓ ✓ 1.30/1.79 0.97/1.41 0.85/1.22 0.77/1.09 0.71/1.00 0.19/0.16 0.22/0.20
D ✓ ✓ × ✓ 1.38/1.95 1.05/1.51 0.90/1.30 0.81/1.16 0.75/1.06 0.20/0.17 0.23/0.21
E ✓ ✓ ✓ × 1.45/2.02 1.12/1.56 0.95/1.32 0.85/1.18 0.77/1.08 0.20/0.17 0.23/0.21
F ✓ ✓ ✓ ✓ 1.08/1.66 0.85/1.33 0.75/1.15 0.69/1.03 0.64/0.95 0.18/0.16 0.21/0.21

Table 6. Ablation results of different components on nuScenes dataset. TA means Trajectory Augmentation, IC means Iterative Clustering.

demonstrate our AMD model’s strong predictive capability
in long-tail scenarios and robust generalization across di-
verse datasets and conditions.

4.3. Ablation Studies
Our model integrates key components that enhance its per-
formance, evaluated through ablation studies (Table 6). The
complete model (Model F) achieves SOTA performance
across all metrics, demonstrating the strong synergistic ef-
fects among its components. Model A, with all modules re-
moved, performs the worst, highlighting their collective im-
portance. Model B (without trajectory augmentation) and
Model E (without the decoupled contrastive learning) ex-
hibit poor performance on top long-tail trajectories. The
former struggles to capture rare trajectory patterns, while
the latter increases prediction randomness due to insuffi-
cient class discrimination, indicating that trajectory aug-
mentation and decoupled contrastive learning are crucial for
long-tail learning. Other variants also show performance
degradation when key components are removed, particu-
larly on the Top 1% samples, confirming the collaborative
contribution of each component to long-tail prediction.

4.4. Qualitative Comparison
Figure 3 presents visualization results of multimodal tra-
jectory predictions on the nuScenes dataset under various
long-tail scenarios, comparing others model [7] with ours
(AMD model and its ablation variants Model B and Model
E). Panels (a) and (b) depict high-curvature vehicle turning
trajectories, while Panel (c) shows a trajectory with distinct
deceleration actions. The results demonstrate that AMD
accurately predicts these complex trajectories and gener-

ates additional plausible options. Compared to Model B
and Model E, the trajectory augmentation (TA) strategy en-
hances generalization to complex dynamics by producing
diverse samples, effectively capturing geometric features of
maneuvers like turns. Meanwhile, decoupled contrastive
learning (DCL) improves differentiation of rare trajectories
by separating positive and negative sample representations,
reducing prediction randomness. This mechanism enables
AMD to maintain accuracy and model multimodal uncer-
tainty effectively in long-tail distributions.

4.5. Inference Time Comparison

To demonstrate the efficiency of our AMD model, we con-
ducted a comparative experiment on inference times using
the nuScenes dataset, with VisionTrap tested on an RTX
3090 Ti GPU and the other models, including ours, eval-
uated on an RTX 3090 GPU. As shown in Table 7, AMD
exhibits a clear advantage in inference speed. The re-
sults highlight that our model significantly reduces infer-
ence time while maintaining accuracy, making it well-suited
for real-time autonomous driving.

Model Inference Time (ms) minADE10 minFDE1

Trajectron++ [38] 38 1.88 9.52
MultiPath [5] 87 1.50 7.69

P2T [50] 116 1.16 10.5
VisionTrap [35] 53 1.17 8.72
AMD (Ours) 14 1.06 6.99

Table 7. Inference time comparison on nuScenes dataset.
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Figure 3. Qualitative results of long-tail trajectory predictions, covering various driving actions: (a) Turn left. (b) Turn right. (c) Decelera-
tion. The red lines show the most probable trajectory, while the light red lines show the predicted multimodal trajectories.

4.6. Feature Space Visualisation
We conducted feature space visualization by applying t-
SNE on nuScenes dataset to reduce the extracted features
into a two-dimensional space for analysis. As shown in
Figure 4a, our model enhances cluster compactness and
tail separation, clearly separating head and tail patterns
while forming distinct clusters for tail patterns. In con-
trast, removing MoCo-DT (Figure 4b) disperses hard sam-
ples, cluttering tail patterns, while removing DCL (Fig-
ure 4c) increases head-tail overlap. This confirms MoCo-
DT boosts tail representation and DCL mitigates head-class
dominance via balanced learning.

Figure 4. Visualization of feature spaces for different variants.

4.7. Hyperparameter Sensitivity Study
We conducted a sensitivity analysis of the hyperparameters
λ1, λ2, me, mm, and ml on the nuScenes dataset, with re-
sults presented in Table 8. The parameters λ1 and λ2 in-
fluence the model’s ability to address long-tail trajectories
by balancing loss contributions, while me, mm, and ml

primarily affect model stability. The optimal combination
yielding the best performance was selected.

Hyperparameter Setting Top 1% Top 2% Top 3% ALL

λ1, λ2

1.0, 0.5 1.10/1.77 0.87/1.39 0.77/1.19 0.22/0.22
1.0, 0.1 1.08/1.66 0.85/1.33 0.75/1.15 0.21/0.21
0.5, 0.5 1.11/1.68 0.87/1.36 0.77/1.15 0.21/0.22
0.5, 0.1 1.26/2.00 0.97/1.53 0.87/1.33 0.22/0.24

me,
mm,
ml

0.90, 0.95, 0.999 1.16/2.04 0.94/1.60 0.83/1.37 0.25/0.26
0.90, 0.99, 0.999 1.14/1.79 0.91/1.38 0.77/1.16 0.22/0.22
0.95, 0.99, 0.999 1.08/1.66 0.85/1.33 0.75/1.15 0.21/0.21

Table 8. Hyperparameter sensitivity analysis on nuScenes dataset.

5. Conclusion
In this paper, we propose an Adaptive Momentum and De-
coupled Contrastive Learning framework (AMD) tailored
for robust trajectory prediction in challenging long-tail sce-
narios. Leveraging a novel combination of unsupervised
and supervised contrastive learning, AMD effectively en-
hances predictive performance on rare trajectory patterns
while maintaining high accuracy on general trajectory dis-
tributions. Additionally, our random trajectory augmen-
tation and online iterative learning strategies significantly
boost the model’s adaptability, allowing it to robustly han-
dle complex and diverse spatiotemporal dynamics. Ex-
perimental results demonstrate that AMD consistently sur-
passes SOTA methods on long-tail subsets and achieves
competitive overall accuracy across multiple datasets.
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