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Abstract. The lack of generalization capability of behavior prediction
models for autonomous vehicles is a crucial concern for safe motion plan-
ning. One way to address this is via self-supervised pre-training through
masked trajectory prediction. However, the existing models rely on uni-
form random sampling of tokens, which is sub-optimal because it implies
that all components of driving scenes are equally informative. In this
paper, to enable more robust representation learning, we introduce a
dynamic masked self-distillation approach to identify and utilize infor-
mative aspects of the scenes, particularly those corresponding to complex
driving behaviors, such as overtaking. Specifically, for targeted sampling,
we propose a dynamic method that prioritizes tokens, such as trajectory
or lane segments, based on their informativeness. The latter is determined
via an auxiliary network that estimates token distributions. Through
sampler optimization, more informative tokens are rewarded and se-
lected as visible based on the policy gradient algorithm adopted from
reinforcement learning. In addition, we propose a masked self-distillation
approach to transfer knowledge from fully visible to masked scene repre-
sentations. The distillation process not only enriches the semantic infor-
mation within the visible token set but also progressively refines the sam-
pling process. Further, we use an integrated training regime to enhance
the model’s ability to learn meaningful representations from informative
tokens. Our extensive evaluation on two large-scale trajectory prediction
datasets demonstrates the superior performance of the proposed method
and its improved prediction robustness across different scenarios.

1 Introduction

Trajectory prediction, as one of the crucial components for autonomous driv-
ing, involves forecasting future positions of road users based on their observed
behavior and the environment’s layout. Recently, learning-based approaches,
in particular supervised learning methods [17, 33, 49, 55, 65, 66, 83], have dom-
inated the trajectory prediction domain, setting new benchmarks on large-scale
datasets [12, 70]. However, the applicability of these methods to real-world sce-
narios is still limited [4,13,56]. To be effective in practice, these methods not only
need to be accurate but must also be robust and adaptable to various conditions,
ensuring their effectiveness across different environments.
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Self-supervised learning (SSL) has become increasingly popular as a way of
addressing the aforementioned challenges. Most recently, building on the success
of masked language modeling, masked prediction is considered a key strategy
in SSL to learn generalizable and adaptable representations. This technique in-
volves transforming input data into tokens, masking a portion of them, and
then pre-training the model using the visible (unmasked) tokens to predict the
missing (masked) ones. This dual-phase learning procedure not only enhances
the model’s performance but also increases its robustness and reduces overfitting
risk in downstream applications [29]. Such characteristics are highly desirable for
trajectory prediction, which relies on large-scale annotated data and manually
crafted HD maps which are very costly to produce.

To develop a generalizable prediction model, some methods have utilized
masked prediction within mask autoencoder (MAE) architectures, using a uni-
form random masking strategy [14,15]. However, since not all tokens are equally
informative, assuming a uniform probability distribution over them for select-
ing visible tokens is sub-optimal [21, 41, 76]. In other words, random masking
often leads to selecting visible tokens from less informative parts of the input
(driving scene), such as simpler cruising trajectories rather than more complex
overtaking maneuvers, or simple straight lanes instead of intricate curved ones.
Hence, during reconstruction, this approach reduces the inclusion of informative
components of the scene, such as those corresponding to more complex driving
behaviors. This leads to less accurate reconstructions and hampers the model’s
ability to learn meaningful representations.

Motivated by this, we propose a dynamic masked self-distillation approach
termed DySeT, which is a novel self-supervised pre-training framework that
adopts a dynamic masking mechanism and a self-distillation approach within the
MAE architecture. Our key insight is to prioritize learning from behaviorally rich
segments of driving scenes, refining the model’s focus towards scene segments
that are more critical for understanding complex driving behaviors, and, thereby,
enhancing behavior representation learning.

To this end, we first design a dynamic sampling method that optimizes both
an MAE and a token sampling network based on token informativeness. Our
approach, unlike uniform random sampling, utilizes an auxiliary network to es-
timate the token distribution for sampling. To address non-differentiability of
the sampling, we employ an auxiliary objective grounded in REINFORCE al-
gorithm [69] adopted from reinforcement learning. Furthermore, we propose a
novel masked self-distillation approach to distill knowledge (i.e. representation)
from a fully visible scene to the representation predicted from a masked scene,
ensuring that the sampled visible token set is semantically rich. The integrated
training of the sampling network and the MAE via the masked self-distillation
approach gradually guides the model towards sampling informative visible tokens
and, thus, improves representation learning.

In summary, our main contributions are as follows: 1) We propose a dy-
namic end-to-end trainable token sampling strategy for masked trajectory pre-
diction, focusing on selecting fewer yet highly informative visible tokens to facil-
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itate behavior representation learning; 2) To ensure a semantically rich selection
of visible tokens, we propose a masked self-distillation approach designed to
transfer knowledge from a complete visible scene to its masked counterpart’s
predicted representation; 3) We conduct extensive experimental evaluations on
common benchmark datasets and demonstrate our model’s effectiveness in learn-
ing transferable and adaptable scene representations; 4) We further conduct com-
prehensive studies on the robustness of our approach against various contextual
perturbations followed by ablation studies to underscore the significance of our
proposed components in enhancing overall performance.

2 Related Work

Trajectory Prediction. For safe motion planning, autonomous driving sys-
tems rely on trajectory prediction methods, with a broad range of architec-
tures [2, 6, 11, 38, 52, 55, 59, 83]. Current approaches utilize various representa-
tions and models, such as CNNs with rasterized images [11, 23, 59], and GNNs
[22, 27, 50, 55, 57, 78] or transformers [25, 34, 37, 47, 84] in conjunction with vec-
torized representations. The goal of these methods is to enhance map encoding
and interaction modeling. However, they require complex architectures with ex-
tensive parameterization, leading to increased overfitting risks and potentially
limited generalizability.

SSL in Prediction. There exist a few works that leverage SSL techniques
to improve prediction model’s generalizability. The method in [71] generates
additional map patches for pre-training maps (limited rasterized maps) and tra-
jectory encoders using contrastive learning. The authors of [8] demonstrate that
well-designed pretext tasks could improve feature richness without extra data,
although it would not combine tasks for better representation learning. In [55]
a set of SSL tasks on HD maps, managed by a meta-learning technique, is pro-
posed to predict diverse and admissible trajectories. Inspired by masked language
modeling, some methods propose adopting masked autoencoder (MAE) for pre-
training to enhance representation learning [14,15]. The authors in [15] propose
a complementary masking approach which affects the agents’ past and future
trajectories differently. Alternatively, the method in [14] uses multiple masking
strategies in a continual learning framework. However, for masking, both meth-
ods adopt a random selection approach, which does not necessarily result in an
optimal outcome. In this paper, we aim to enhance upon these masking strategies
by moving beyond naive random masking.
Masked Prediction. Due to the success of masked prediction approaches in
models for natural language processing, mask prediction has been adopted in
other domains for enhancing pre-training and representation learning. In com-
puter vision, the integration of mask prediction with widely used vision trans-
formers (ViTs) [20] has led to the development of the BEIT model [7]. In this
model, the input image is divided into patches, some of which are removed. The
ViT is then pre-trained to reconstruct the missing patches based on the remain-
ing visible ones. This technique has become a popular method for pre-training



4 M. Pourkeshavarz et al.

Tokenizer

Dynamic Sampling

Sampling

Categorical Distribution

Mask Token Probabilities

1 2 3 4 5 N

…

6

Encoder

2 4 5

…

2 4 5 1

…

3

Decoder

Dynamic Sampling Network EMA Teacher

Encoder

Decoder

1 2 3 4 5 N

…

6

…

Scene Encoding

Input

Masked Self-Distillation

Token Embeddings
Online QuantizerPrediction Head

1 2 3 4 5 N

…

6

2 4 5

…

Student(MAE)

Masked token

Visible token

Learnable masked  
token

Observation

Future

2 4 5 1

…

3

…

Fig. 1: Overview of the proposed self-supervised pre-training framework. Given the
token embeddings, we sample visible tokens using a categorical distribution from a dy-
namic sampling network, optimized to favor tokens that express a more complex driv-
ing behavior. We then pass sampled visible tokens to an MAE to predict the complete
scene. Beyond reconstruction accuracy, we further supervise the model with a masked
self-distillation approach to transfer knowledge from the fully visible to the masked
scene, inducing the model to focus on sampled tokens while maintaining awareness of
the entire scene and, thereby, gradually guiding the sampling network towards selecting
informative tokens.

in various modalities and has significantly improved performance in many down-
stream tasks [30,46,64,68].

Given the widespread use of masked prediction, efforts have been made to
design methods for improving it [5,32,41,76,79]. The masking strategy has been
recognized as one of the major factors that directly influence the success of down-
stream tasks. For example, the authors in [36, 43] propose to utilize attention
maps to refine masking. Here, one map focuses on preserving the key patches by
masking nonessential areas and the other aims to mask highly attended tokens.
To optimize the sampling, the method in [61] employs an adversarial training
technique to identify optimal masking patches. Alternatively, some works adopt
task-specific knowledge to improve masking. For instance, for video classifica-
tion, the methods in [32,41] learn the semantic parts of the frames, i.e. motions,
and utilize them through the masking procedure.

Although masked prediction has been shown to improve representation learn-
ing for downstream tasks, its use in motion forecasting is not well explored. To
address this gap, we introduce a novel masked trajectory prediction method that
prioritizes sampling from scene elements indicative of more complex driving be-
haviors.

Knowledge Distillation is a technique to transfer knowledge from one model,
i.e. teacher, to another, i.e. a student [31] . The main objective of this approach
is to induce a smaller student model to match the teacher model’s performance
by learning from the soft targets (such as class probabilities) that the teacher
produces on a dataset.
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Self-distillation uses the model as both teacher and student, utilizing its own
outputs rather than relying on posterior distributions for knowledge transfer,
thus framing it as a discriminative self-supervised objective [1,19,35,39,77]. This
approach typically relies on multiple iterative training phases. In each phase,
the model learns from its own previous iterations and gradually refines its pre-
dictions and representations. The aim is to improve the model’s performance
and efficiency without the need for an external pre-trained teacher model. Self-
distillation leverages the concept of learning from soft targets generated by the
model itself, often leading to enhanced generalization and robustness in tasks
across different domains [3,10,16,42]. In this paper, we aim to distill knowledge
from a fully visible driving scene representation to its masked counterpart, in-
ducing the model to focus on the informative parts of the scene, i.e. the parts
that express a driving behavior.

3 Methodology

We propose a novel self-supervised pre-training framework that utilizes trajec-
tory data for efficient yet effective pre-training, aiming to enhance behavior rep-
resentation learning for a more transferable and generalizable prediction model.
Utilizing an autoencoder architecture, our method features a novel masking
strategy for masked trajectory prediction, focusing on selecting informative vis-
ible tokens (i.e. those that are depicting more complex driving behavior) during
the masking phase to ensure learning of meaningful representations specifically
tailored for the downstream task of trajectory prediction.

To do so, we propose a dynamic sampling step in which a sampling network
is optimized to take tokens’ informativeness into account to ensure a focus on
fewer, yet more meaningful visible tokens. In addition, we propose a masked self-
distillation approach to distill knowledge (i.e. representation) of a fully visible
scene to the sampled tokens. As such, during the reconstruction, the model is
induced to focus on learning the sampled tokens while maintaining awareness of
the entire scene. During the integrated training, the model learns to reconstruct
detailed scene representations from the masked scene and simultaneously guides
the sampling network to favor more informative tokens. Such pre-training not
only enhances the model’s ability to generalize from limited or complex data but
also strengthens its robustness and adaptability to unseen data. Fig. 1 provides
an overview of the proposed self-supervised pre-training framework.

3.1 Problem Formulation

The goal of trajectory prediction is to forecast future locations of surrounding
agents according to their observed behavior. Specifically, at time step t, let the
past trajectory of the i-th vehicle be a set of 2D coordinates in bird’s eye view
over some observation horizon O time steps Xi = {(xi, yi)

t−O+1, · · · , (xi, yi)
t}.

Accordingly, the objective is to predict future trajectory Yi = {(xi, yi)
t+1, · · ·

, (xi, yi)
t+T }, where T is the prediction horizon. In addition, the model is pro-

vided with the road information extracted from the driving scenes represented
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as an HD map in the vector space. For simplicity, in the rest of the paper, we
refer to inputs, e.g., observations and the map, and future predictions as x and
y, respectively.

3.2 Scene Representation

For scene encoding, we use vectorized representations and employ a tokenizer
that models agents’ trajectories and lane segments as polylines [44], which serve
as tokens in our framework.

To find token embeddings for trajectory polylines, we utilize a feature pyra-
mid network (FPN) [45] to merge multi-scale agent motion features. We then
apply a 1D neighborhood attention to extract local motion features. To embed
lane polylines, we use a simplified PointNet model [58] and use learnable embed-
dings for semantic attributes, including agent categories or lane types. We follow
the agent-centric coordinate system to normalize data as [15]. To maintain the
positional information of the tokens, we embed global position data into tokens
using a two-layer multi-layer perceptron (MLP).

3.3 Dynamic Sampling

The effectiveness of masked prediction heavily depends on the chosen masking
strategy, which influences the type of information learned [21, 67, 79]. Using a
naive strategy, such as random masking may overlook variations in information
density among tokens, potentially leading to inefficient learning.

To address this shortcoming, we propose a dynamic sampling step where
a sampling network is optimized to identify and select highly informative tra-
jectory and lane tokens. These tokens represent complex driving behaviors and
intricate, curved lanes within the driving scene.

Our approach processes tokens’ embeddings E obtained from the tokenizer
through a multi-head attention network (MHA). The output of the MHA is fed
into a MLP block Φ followed by a Softmax activation to calculate the probability
score for each token as follows:

Z = MHA(E); Z ∈ RN×d,

P = Softmax(Φ(Z)); P ∈ RN ,
(1)

where N is the number of tokens. We then assign an N-dimensional categorical
distribution to P (p ∼ Categorical (N,P);

∑N
i=1 pi = 1.) and select a set of

visible tokens IV without replacement, creating a masking set IM . The number
of visible tokens nv is determined by a predefined masking ratio ρ ∈ (0, 1),
calculated as N × (1− ρ).

Sampling Objective As mentioned earlier, the proposed dynamic sampling
network learns to identify and select informative trajectory and lane tokens for
MAE pre-training by learning a categorical distribution over all tokens. Due to
the non-differentiability of sampling, we define an auxiliary objective function
for the sampler’s learning process. This method is grounded in the REINFORCE
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policy gradient algorithm [69] in reinforcement learning. In specific, for the sam-
pler with parameters Θ, we sample action a and calculate probabilities p(a).
Hence, having a reward function R, we apply policy gradient as follows:

∆Θ = α · R · ∂ log p(a)

∂Θ
, (2)

where α is the learning rate. As such, treating token sampling as an action
within the environment of MAE, we define the masked reconstruction loss LR,
which serves as the reward. Following the expected reward maximization in
the REINFORCE algorithm, our goal is to optimize the sampling network by
increasing the expected reconstruction error over the masked trajectory and lane
tokens E [LR].

In specific, our observations indicate a notable disparity in reconstruction
errors, with tokens depicting complex driving behaviors, such as overtaking or
turning showing higher errors, contrasted with lower errors for tokens related to
simpler behaviors such as cruising. This discrepancy suggests that tokens indica-
tive of complex driving scenarios are more challenging to accurately reconstruct,
pointing towards their higher information content and significance in under-
standing driving dynamics. Therefore, via optimizing the sampler by maximizing
the expected reconstruction error over the masked tokens, the sampling network
predicts high probability scores for the tokens from complex driving behaviors
compared to the tokens from the simpler ones. This targeted sampling, doing
non-uniform sampling, enhances behavior representation learning by leveraging
the complexity levels of the tokens. In addition, it achieves a better accuracy
comparable to random sampling with fewer visible tokens (i.e. higher masking
ratio), leading to reduced computational costs and faster pre-training.

Formally speaking, we define the sampling objective as below:

LS(Θ) = −EΘ [LR(θ)] = −
|Im|∑
i=1

P i
Θ · Li

R(θ), (3)

where |Im| indicates the number of masked trajectory and lane tokens. P i
Θ and

Li
R stand for the probability and the reconstruction error of the ith masked

token, respectively. Note that LR(θ) represents the reconstruction error of MAE
with parameters θ. Here, we ensure that gradient updates from the sampling
network LS(Θ) do not affect the MAE.

3.4 Masked Self-distillation

The core idea of masked self-distillation is to distill representation from a full
driving scene to the representation predicted from a masked one. By doing so,
we prompt the model to utilize informative scene elements, such as driving be-
haviors, during reconstruction and subtly direct the sampling network to select
trajectory and lane tokens that reflect these behaviors. To achieve this goal,
we adopt a masked self-distillation approach in trajectory prediction. Below, we
discuss the distillation objective and then provide a detailed explanation of the
learning procedure in the autoencoder framework.
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Distillation Objective Knowledge distillation involves training a student model
to mimic a teacher model’s output, thereby enhancing the student’s performance.
In this context, we aim to distill knowledge from a teacher with full input access
to a student with partial (i.e. masked) observation. Here, instead of bringing
in an external teacher, our method utilizes the model itself as the teacher by
using a mean teacher model technique [26, 63]. In this approach, the teacher is
derived from the student, i.e. the original model itself. In detail, the teacher
model mirrors the student’s structure but uses the student’s parameters’ ex-
ponential moving averages (EMA) as its own parameters. Formally, the mean
teacher parameters are formulated as follows:

θ̄t = αθ̄t−1 + (1− α)θt, (4)

where θ and θ̄ indicate the original and mean teacher model’s parameters, re-
spectively. α is a hyper-parameter for smoothing updates. We refer to the mean
teacher as the EMA teacher.

With the EMA teacher as the teacher and the original model as the stu-
dent, we initiate the masked self-distillation procedure. Initially, the teacher
processes the input driving scene, in token embeddings, to generate distillation
targets for N tokens, R̄i

∣∣N
i=1

. Meanwhile, we feed the visible tokens Iv with size
nv << N obtained from the dynamic sampling step to the student, resulting in
encoded visible tokens. Next, to form a complete representation set compared
with distillation targets with size N , we merge encoded visible tokens with a
shared, learnable feature vector that stands for masked tokens. This set then
feeds the decoder to reconstruct the distillation prediction R′

i|
N
i=1. During the

reconstruction phase, the EMA teacher has a full view of the driving scene (with
no masking) while the student has a partial observation. We, therefore, define
our masked self-distillation objective as the means of distilling knowledge from
a complete scene representation R̄i to one derived from a masked version R′

i.

Learning Procedure Given the absence of categorical labels in MAE pre-
training, distilling logits is ineffective for learning semantically meaningful rep-
resentations. We, therefore, resort to distilling the intermediate representations.
For this, we employ an online quantizer to convert output features into a soft
codewords distribution [82]. Hence, we define a masked self-distillation loss LMSD
by minimizing the cross-entropy between target and predicted representations
as bellow:

LMSD =
1

N

∑
i∈I

−h
(
R̄i

)T
log h (R′

i) , (5)

where h(.) stands for the online quantizer technique. As such, using the masked
self-distillation loss LMSD, the student will be optimized to distill the represen-
tation obtained by the EMA teacher. Note that, in each step, the EMA teacher’s
weight is updated by the exponential moving average of the original model and
does not require a gradient.
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Autoencoder We use a transformer-based encoder-decoder architecture as in
[15]. The encoder consists of several transformer blocks and only encodes the
visible trajectory and lane tokens obtained through the sampling procedure.
Positional embeddings are added to the entire input sequence, including the
mask tokens. Each mask token type corresponds to a learned vector specific to
its masked element type.

Note that for the reconstruction error we only consider masked tokens. Hence,
we feed the decoded masked tokens to a prediction head, implemented as a linear
projection layer, to predict the normalized 2-dimensional coordinates of masked
trajectory and lane polylines. As for the reconstruction loss LR, we use L1 loss
for trajectory reconstruction and mean squared error (MSE) loss for lane polyline
reconstruction.

3.5 Overall Objective

Pre-training We pre-train the proposed DySeT end-to-end. In specific, in each
step, first, the dynamic sampling network with parameter Θ is optimized w.r.t
LS . Next, the MAE, parameterized with θ, is updated by the following objective:

Loverall(.; θ) = LR(.; θ) + λLMSD(.; θ), (6)

where LR stands for the reconstruction loss and λ is a hyperparameter to control
the distillation objective.

Fine-tuning on the Downstream Task For the motion forecasting task, we
implement an end-to-end fine-tuning process on the pre-training model similar to
[15]. This involves discarding the MAE decoder, sampling network and masking,
and substituting the pretext prediction heads with a multi-modal future decoder.
We adopt the commonly used Huber loss for trajectory regression and cross-
entropy loss for confidence classification with equal weights. All agents present
in the scene are used to compute the loss.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on the recently released large-scale Argov-
erse2 [12] and widely used pedestrian ETH-UCY [40, 54] datasets. The Argov-
erse2 contains 250K non-overlapping scenarios, recorded at 10 Hz, divided into
200K, 25K, and 25K samples for training, validation, and testing, respectively.
The task is to make 6s predictions based on 5s observations. The ETH-UCY
dataset comprising five subsets (ETH, HOTEL, UNIV, ZARA1, ZARA2) at 2.5
Hz, is used to predict future movements over 12 time steps (4.8 seconds) based
on 8 time steps (3.2 seconds) of observed human trajectories.
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Table 1: Quantitative results on the Argoverse2 motion forecasting test set. For each
metric, the best result is in bold and the second best result is underlined.

Method b-FDE6 minADE6 minFDE6 MR6 minADE1 minFDE1 MR1

THOMAS [24] 2.16 0.88 1.51 0.20 1.95 4.71 0.64
GoRela [18] 2.01 0.76 1.48 0.22 1.82 4.62 0.66

Supervised- GANet [65] 1.96 0.72 1.35 0.17 1.77 4.47 0.59
Learning FRM [53] 2.47 0.89 1.81 0.29 2.37 5.93 0.71

ProphNet [66] 1.88 0.68 1.33 0.18 1.80 4.74 -
QCNet [83] 1.91 0.65 1.29 0.16 1.69 4.30 0.59
HPTR [81] 2.03 0.73 1.43 0.19 1.84 4.61 0.61

SSL-Lane [8]
Lane Masking 2.38 0.83 1.70 0.25 2.17 5.67 0.67
Dist. to Inter. 2.39 0.84 1.71 0.25 2.18 5.71 0.67
S/F Cls. 2.35 0.83 1.67 0.25 2.22 5.90 0.69

T-MAE [14] Cont. finetune 2.11 0.73 1.51 0.18 1.94 4.48 0.64

Forecast-MAE [15] Scratch 2.06 0.73 1.43 0.19 1.84 4.60 0.62
finetune 2.03 0.71 1.39 0.17 1.74 4.35 0.61

DySeT (Ours) 1.93 0.67 1.28 0.16 1.76 4.41 0.61

Fig. 2: Qualitative results on Argoverse2. The Agent of interest is shown in red color
and the observation, ground truth, and prediction are shown as orange, green, and
purple, respectively.

Metrics. We employ official benchmark metrics including minimum average
displacement error (minADEK), minimum final displacement error (minFDEK),
(b-minFDEK), and miss rate (MRK), where K stands for the number of pre-
dicted trajectories in the multimodal setting.

To assess robustness, we use the perturbation resistance score (PRS), calcu-
lated by first determining the per-sample absolute change in a trajectory predic-
tion error metric m as abs(∆) = 1

n

∑n
i=1 |mperturbed (i)−moriginal (i)|, compar-

ing errors on perturbed versus original data. PRS is then equal to [1− (abs(∆)/
moriginal )] ∗ 100, indicating the model’s perturbation resistance.

Implementation Details. We train the model using AdamW Optimizer with a
1e-4 weight decay, batch size of 128, and 1e-3 learning rate. The model operates
in an agent-centric coordinate system, focusing on agents and lanes within 100
meters of the focal agent, with a latent feature dimension of 128. The distillation
smoothing parameter λ is empirically set to 1e−1. We use an encoder and decoder
with depth 5.

4.2 Comparison to SOTA

In this subsection, we pre-train and fine-tune the model on the same bench-
mark to demonstrate the advantages of our proposed self-supervised pre-training
framework.
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Table 2: Comparison with state-of-the-art methods on minADE20/minFDE20 metrics
on ETH/UCY dataset. For each metric, the best result is in bold and the second best
result is underlined
Method ETH HOTEL UNIV ZARA1 ZARA2 Average
S-STGCNN [51] 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48 0.44/0.75
PECNet [48] 0.54/0.87 0.18/0.24 0.35/0.60 0.22/0.39 0.17/0.30 0.29/0.48
RSBG [62] 0.80/1.53 0.33/0.64 0.59/1.25 0.40/0.86 0.30/0.65 0.48/0.99
SGCN [60] 0.63/1.03 0.32/0.55 0.37/0.70 0.29/0.53 0.25/0.45 0.37/0.65
MID [28] 0.39/0.66 0.13/0.22 0.22/0.45 0.17/0.30 0.13/0.27 0.21/0.38
GP-Graph [73] 0.43/0.63 0.18/0.30 0.24/0.42 0.17/0.31 0.15/0.29 0.23/0.39
GroupNet [72] 0.46/0.73 0.15/0.25 0.26/0.49 0.21/0.39 0.17/0.33 0.25/0.44
EqMotion [74] 0.40/0.61 0.12/0.18 0.23/0.43 0.18/0.32 0.13/0.23 0.21/0.35
DySet (Ours) 0.32/0.46 0.14/0.21 0.24/0.45 0.17/0.28 0.12/0.25 0.20/0.33

Argoverse. We compare our method with the state-of-the-art SSL-based and
supervised prediction approaches as shown in Table 1. For SSL-lane, similar
to [15], we report three of its pretext tasks suitable for the Argoverse2 dataset
including lane marking, distance to the intersection (dist. to inter.), and success-
failure classification. The table shows our method surpassing all SSL-based ap-
proaches on most metrics. Particularly in the multimodal setting, it outper-
forms Forecast-MAE [15], the recent masked prediction model, by up to 8% on
minFDE. Moreover, our model’s performance matches that of the leading super-
vised models, ranking first on two k = 6 metrics and closely second on others
with a small margin. Some qualitative examples of our proposed approach are
shown in Fig. 2.

ETH/UCY. In Table 2, we compare our model with state-of-the-art approaches
on the ETH/UCY dataset. The table indicates that, on average, our method
outperforms other methods on both metrics. As for the five subsets, our model
has competitive results, especially, on the ETH subset, outperforming the second
best model by 18%(0.39 → 0.32) on minADE and 25%(0.61 → 0.46) on minFDE
metrics. These results further verify the effectiveness of the proposed method.

4.3 Robustness and Generalization

Generalizability. In the context of autonomous driving, to understand how
well trajectory prediction models perform across different settings, the models
can be trained in one environment and tested in another. This approach reveals
the challenges of varying conditions between training and testing scenarios, such
as differences in pedestrian trajectories between shopping malls and streets or
in vehicle motions across cities with unique road layouts and traffic patterns.

Motivated by this, we conduct two experiments to evaluate our method’s gen-
eralizability for vehicle and pedestrian trajectory prediction tasks as explained
in details below.

Vehicle Motion Forecasting. Following the experiment in [15], we cate-
gorize the Argoverse2 training and validation datasets into two distinct groups
based on the six cities that the data was collected from. Initially, we train our
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Table 3: Analyzing generalizability to an unseen domain on the Argoverse2 validation.
Method minADE6 minFDE6 MR6

Forecast-MAE [15] Scratch 0.910 1.645 0.235
Finetune 0.897 1.613 0.216

DySet (Ours) Scratch 0.739 1.406 0.206
Finetune 0.724 1.328 0.179

Table 4: Analyzing generalizability to unseen domains on the ETH/UCY dataset.
The metrics are reported as minADE20/minFDE20.

Method / Seen domain ETH Hotel UNIV ZARA1 ZARA2
S-STGCNN [51] 1.51/2.77 2.15/3.85 0.81/1.62 0.82/1.62 0.83/1.66
PECNet [48] 1.56/2.79 2.19/3.87 0.93/1.59 0.93/1.66 0.93/1.59
RSBG [62] 1.68/2.91 2.28/4.04 0.94/1.82 0.92/1.81 1.07/1.91
SGCN [60] 1.44/2.74 2.20/3.83 0.80/1.58 0.83/1.65 0.83/1.64
T-GNN [75] 1.09/2.01 1.82/3.14 0.59/1.30 0.64/1.32 0.65/1.33
GroupNet [72] 1.17/2.42 1.80/3.39 0.56/1.29 0.52/1.38 0.60/1.38
GP-Graph [73] 1.21/2.54 1.96/3.58 0.54/1.29 0.59/1.46 0.38/1.45
DySet (Ours) 1.19/2.13 1.77/3.01 0.61/1.33 0.49/1.20 0.57/1.20

model using data exclusively from the first group of cities, specifically Miami,
Pittsburgh, and Austin, to test its performance on data from cities not encoun-
tered during training. We refer to these as unseen cities.

As shown in Table 3, our method surpasses Forecast-MAE [15], which aims to
learn generalizable representations using masked prediction approach. Notably,
in the experiments utilizing a finetuning regime, our model achieves a perfor-
mance improvement of up to 17%. These results confirm that even when the test
domain is not seen during the training phase, the proposed model can effectively
learn more generalizable and adaptable representations.

Human Trajectory Prediction. Each subset within the ETH/UCY dataset
captures unique aspects of urban pedestrian behavior. For instance, UNIV show-
cases intricate social interactions and group dynamics, ZARA1 and ZARA2 high-
light navigational strategies in crowded shopping areas, HOTEL reflects more
leisurely, less dense walking patterns, and ETH combines rapid academic com-
mutes with leisurely walks. Hence, we treat each subset as one domain. As such,
we train the model on one domain, as seen domain, and test it on four other
unseen domains following [75].

Given a seen domain, we average the results across four tested domains and
report the results in Table 4. As the table indicates, our method ranked first in
three subsets on both metrics. Particularly, given ZARA2 as the source domain,
our method outperforms the second-best method by up to 12%(0.65 → 0.57)
and 10%(1.33 → 1.20) on minADE and minFDE metrics, respectively.

As an exception, in the UNIV subset, our method underperforms compared
to GP-Graph [73] and GroupNet [72]. This is likely due to dense scenes with
extensive group-wise social interactions involving large numbers of pedestrians
(20 or more). Such scenarios are generally rarer in other subsets. Dense scenes
favors these models, which emphasize group representation learning. Group-wise
masking, tailored for human trajectory prediction, can be considered as a future
extension to our work.
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Table 5: Analyzing robustness against adversarial perturbations on the Argoverse2
validation. (↓) and (↑) indicate lower and higher values are better.

Attack Method Original/Perturbed abs(∆)(↓) PRS (%)(↑)

Targeted Forecast-MAE [15] 0.712 / 0.879 0.153±0.06 78.51
DySet (Ours) 0.706 / 0.863 0.093±0.02 86.83

Non-Targeted Forecast-MAE [15] 0.712 / 0.755 0.132±0.09 81.46
DySet (Ours) 0.706 / 0.741 0.068±0.05 90.37

Adversarial Robustness. Adversarial robustness is one of the key concerns for
reliability of trajectory prediction models in autonomous driving [9, 80]. Here,
we perform an experiment to evaluate our method’s resistance to adversarial
examples.

For this purpose, we use adversarial perturbations to agent dynamics method
of [80]. Following the original configuration, we employ a white-box method and
train the models with an Adam optimizer at a 0.01 learning rate. To ensure
fairness, we limit iterations to 100 and perturbation deviation to a maximum of
1 for both methods. We compare our model to Forecast-MAE [15], aiming for
robust and generalizable feature learning. The results are reported in Table 5
and are organized by whether the perturbations are non-targeted or targeted,
which are determined by the optimization of adversarial objectives with respect
to the reported metric, in this case minADE.

From the table, when applying the adversarial perturbation, our method
faces less degradation compared to Forecast-MAE (∼13% vs ∼21%) in the more
challenging targeted scenarios. In the non-targeted setting, both methods achieve
better results, however, our method still significantly outperforms Forecast-MAE
on the robustness metric PSR, achieving more than ∼90%. These findings further
verify the superior robustness of the proposed framework against existing self-
supervised pre-training methods.

4.4 Ablation Study

Masking Ratio. We evaluate the impact of the masking ratio on performance
using both random sampling and our proposed strategy, as depicted in Fig. 3.
Our method, which selects visible tokens using a sampling network, outperforms
in both minADE (0.724) and minFDE (1.278) metrics. Notably, this enhance-
ment occurs at a higher masking ratio of 70% where memory usage is reduced
and pre-training duration is shortened. This indicates that our strategy effi-
ciently selects a larger number of informative tokens related to driving behavior
and fewer less informative ones. As a result, our method requires fewer visible
tokens compared to random sampling while achieving better performance.

Controlling Distillation Impact. Hyperparameter λ is used to balance the
two terms in Eq. 6. Setting λ too high, emphasizes too much on the distillation
objective and leads the model to a wrong convergence direction and reducing
performance. Hence, we set different values to find the most suitable λ. We show
results of the evaluation on the Argoverse2 validation set on the left side of Table
6. As the table indicates, when we set λ = 1e−1, the model can achieve the best
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Fig. 3: The impact of masking ratio on the model’s performance.

Table 6: Ablation studies on the Argoverse2 validation set to examine the impact
of the self-distillation objective on overall performance (Left) and the related design
choices of the proposed method (Right).

Distillation loss weight
Metric λ = 1e−2 λ = 1e−1 λ = 1e0 λ = 1e+1

minADE6 0.747 0.724 0.783 0.804
minFDE6 1.347 1.278 1.372 1.425

Model minADE6 minFDE6

Baseline 0.822 1.486
+ Dyn. samp. 0.751 1.306
+ Self-dist. 0.724 1.278

performance, with a decrease in performance observed for significantly smaller
or larger λ values.

Contributions of Each Component. We conduct an ablation study on the
proposed method using a masked autoencoder with a random masking strategy
as a baseline. We incrementally add the proposed components to the baseline
and report the results on the Argoverse2 validation set and report the results
on the right side of Table 6. It can be observed from the table that adopting
the proposed dynamic sampling in the baseline can significantly improve perfor-
mance, especially on minFDE by ∼ 12%(1.486 → 1.306). This finding validates
the effectiveness of our sampling module in selecting informative tokens for en-
hancing behavior learning and, consequently, achieving better performance in
predicting the final goal, as reflected by the minFDE metric. Moreover, adding
the proposed masked self-distillation module further improves the baseline by
up to 14% on both metrics. Note that for each model, we report on the masking
ratio that gives the best result.

5 Conclusion

In this work, we proposed a novel self-supervised pre-training framework that
leverages trajectory data for efficient yet effective representation learning, leading
to more transferable and generalizable predictions. Based on a masked autoen-
coder architecture, we proposed a dynamic sampling step and a masked self-
distillation approach that focuses on selecting semantically rich visible tokens.
These tokens depict more complex driving behaviors, thus ensuring the acqui-
sition of meaningful representations tailored for trajectory prediction tasks. We
conducted an extensive evaluation on large-scale autonomous driving and human
trajectory prediction datasets and demonstrated that our approach not only out-
performs existing SSL-based and supervised learning-based methods but is also
significantly more robust in varied conditions.
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