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Abstract— Existing trajectory prediction methods exhibit
significant performance degradation under distribution shifts
during test time. Although test-time training techniques have
been explored to enable adaptation, current approaches rely
on an offline pre-trained predictor that lacks online learning
flexibility. Moreover, they depend on fixed online model updating
rules that do not accommodate the specific characteristics of
test data. To address these limitations, we first propose a
meta-learning framework to directly optimize the predictor
for fast and accurate online adaptation, which performs bi-
level optimization on the performance of simulated test-time
adaptation tasks during pre-training. Furthermore, at test time,
we introduce a data-adaptive model updating mechanism that
dynamically adjusts the predefined learning rates and updating
frequencies based on online partial derivatives and hard sample
selection. This mechanism enables the online learning rate to suit
the test data, and focuses on informative hard samples to enhance
efficiency. Experiments are conducted on various challenging
cross-dataset distribution shift scenarios, including nuScenes,
Lyft, and Waymo. Results demonstrate that our method achieves
superior adaptation accuracy, surpassing state-of-the-art test-
time training methods for trajectory prediction. Additionally,
our method excels under suboptimal learning rates and high
FPS demands, showcasing its robustness and practicality.

I. INTRODUCTION

Trajectory prediction plays a crucial role in understand-
ing environments and building world models, making it
a cornerstone of autonomous driving [1], [2]. Mainstream
research [3], [4], [5], [6] focuses on building strong data-
driven predictors on pre-collected datasets, which is referred
to as offline training. However, these predictors often struggle
with distribution shifts in test data, such as changes in road
structures [7], interaction patterns [8], and driving styles
[9], leading to significant performance degradation. Such
limitations pose critical safety risks and highlight the need
for more robust solutions.

In this paper, we investigate fest-time training (TTT) for
trajectory prediction [10], [11], [12] to handle distribution
shifts during testing. Our approach adapts a model pre-trained
on a source dataset to an unseen target domain by online
learning on the test-time data. Thanks to the auto-labeling
nature of the trajectory prediction task, the observations at
the current time work as labels for previous predictions. The
training and evaluation protocol of TTT is illustrated in Fig. 1.
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Fig. 1. (a) Illustration for the test-time training and online evaluation
protocol for trajectory prediction. (b) Previous offline pre-training overlooks
the offline-online misalignment between pre-training and adaptation. In
contrast, our method aligns these two phases via meta pre-training (MP).
Additionally, instead of using fixed updating rules, we propose data-adaptive
test-time updating by dynamic optimization of the learning rate o (DLO)
and additional hard-sample-driven updates (HSD).

Test-time Training

Existing trajectory predictors demonstrate constrained on-
line learning effectiveness, primarily due to two critical issues.
Firstly, existing offline pre-training objectives misalign
with online adaptation. Current pre-training objectives focus
on offline prediction accuracy for in-distribution samples
but overlook online adaptation capability. As a result, the
predictor adapts slowly, and the pre-trained representations
quickly deteriorate. Secondly, current fixed online updating
strategies cannot suit the varying test-time data. An
effective model updating rule should suit the test data
characteristics. For example, the learning rate should be
related to the magnitude of the distribution shift between the
training and the unknown test data and be adaptively adjusted
during learning. Also, efficient model updating should focus
on the most representative samples for the distribution shift.
Conventional methods, however, rely on rigid, predetermined
learning rates and update frequencies and are unaware of the
test data, severely limiting their performance and efficiency.

To tackle the aforementioned problem, we design a new
TTT framework for trajectory prediction called MetaDAT:
Meta pre-training and Data-Adaptive Test-time updating. Our
framework introduces a bi-level optimization process in the
pre-training stage based on meta-learning, to directly optimize
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a flexible starting point for test-time updating. We align the
offline training with online objectives by simulating test-
time training tasks on the source dataset, and optimizing a
meta-objective across those tasks that evaluates the online
adapting performance. For the test-time updating process, we
propose a unique learning rate optimization based on the
online partial derivatives. Additionally, a hard-sample-driven
method is proposed to focus the model updates on the most
critical samples. Our contributions can be summarized as
follows.

« We introduce a meta pre-training framework for test-time
training that addresses the offline-online misalignment
during pre-training, fully leveraging the potential of the
pre-training stage and initializing a flexible predictor for
subsequent adaptation.

« We propose a data-adaptive updating method for the test-
time learning process, incorporating dynamic learning
rates optimization and hard-sample-driven model updates,
enabling effective and efficient adaptation.

« Experiments across widely used datasets and different
configurations demonstrate that our method achieves
state-of-the-art performance in both accuracy and effi-
ciency. Our method can also make improvements under
suboptimal learning rates and few-shot cases.

II. RELATED WORK
A. Trajectory Prediction

Recently, data-driven trajectory predictors have achieved
remarkable performance [5], [6], [13], [14] by utilizing
large-scale pre-collected datasets [15], [16], [17], [18] and
advanced techniques such as transformer architectures [5], [6],
[19] and masked autoencoder (MAE) loss [5], [20]. Despite
their high accuracy, research shows that the offline trained
models are prone to test-time distribution shifts [8], [11],
[10], [9]. Some work investigates transfer learning between
distributions by anticipating the test domains [8], [7]. Those
methods are unreliable when the domain shifts differently
from anticipation. In contrast, our work focuses on test-time
training for trajectory prediction, adapting to unknown domain
shifts without prior assumptions.

B. Test-Time Training

Test-time training updates the model in an online manner on
the newly observed data during testing. Recent TTT methods
for image classification focus primarily on developing self-
supervised losses to address the lack of labels during testing
[21], [22], [23], [24], [25]. Trajectory prediction, however,
has a unique auto-labeling nature, making TTT for this task a
distinct problem with label supervision. Several TTT methods
specifically designed for prediction have been developed. For
instance, MEK [12] employs an extended Kalman filter as
the online optimizer, while T4P [10] incorporates an MAE
loss and actor-specific tokens. None of the previous methods
considered the offline-online misalignment. The most relevant
method is AML [11], which also utilizes meta-learning.
However, AML only adapts the last Bayesian linear regression
layer in the decoder, which limits the adaptation ability of

deeper model representations. In contrast, we introduce a
more universal meta pre-training framework to unleash the
full model potential. Furthermore, we introduce a unique
data-adaptive test-time updating technique.

C. Meta-Learning For Trajectory Prediction

Meta-learning focuses on making models learn how to
learn for different tasks [26], [27], [28], [29], [30]. These
methods have made significant progress in areas such as few-
shot learning [26], [27], [28] and domain adaptation [31],
[12], which is crucial for the generalizability of autonomous
driving. Recently, some studies have explored meta learning
for trajectory prediction. MENTOR [32] uses meta learning to
perform multi-task learning, balancing auxiliary losses with
the main prediction loss. MetaTraj [33] uses meta-learning
to perform zero-shot transfer learning across scenes. None of
those methods considered solving the offline-online objective
misalignment for test-time training of the predictor.

III. METHODOLOGY
A. Problem Formulation

Trajectory Prediction. Trajectory prediction is a sequential
prediction problem. At time step ¢, given the observation
X; = {X, M}, where X, = x{Y , is the N agent
trajectories over the past horizon t;, and M is the surrounding
map information, the goal is to narrow the gap between
the predictions Y, and the ground truth locations of agents
Y: = yPi\,, in future horizon t;. For simplicity, we omit
N in the following sections. In this work, we consider the
situation where the test-time target data DT = {XT YT}
does not share the same distribution as the training source
data DS = {X® Y5},

Test-time Training And Online Evaluation. We perform
test-time training to adapt to D?, and conduct online
evaluations to assess adaptation performance, as illustrated in
Fig. 1. We adopt the widely used online trajectory prediction
setting [10], [11], [12], where the test data consists of multiple
scenes, each containing temporally ordered data samples,
and one sample is observed at each time step as time passes.
Given a time interval 7, at time ¢ we can get the ground truth
future Yy = X¢—7:t—74¢, for previous prediction at time
t — 7, thus we can update the predictor with supervision data
{Xi—+,Y;_.}. The online evaluation at time ¢ is performed
on the prediction Y for current Xj.

B. Overview

We propose a test-time training framework for trajectory
prediction called MetaDAT. The overview of MetaDAT is
illustrated in Fig. 2. MetaDAT consists of a meta pre-training
phase (Fig. 2 (c)) and a data-adaptive test-time updating
phase (Fig. 2 (d)). During model pre-training, pseudo TTT
tasks are simulated through temporal scene splitting. Meta-
learning is employed on these tasks to derive a flexible model
initialization 6* optimized for subsequent updating. During
test-time updating, we propose online dynamic optimization
of the learning rate a and perform hard-sample-driven model
updates, ensuring that the online learning process suits the
test-time data and concentrates on the critical samples.
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Fig. 2. Overview of our MetaDAT framework. MetaDAT first performs meta pre-training across the simulated test-time training tasks on the source dataset,

then the pre-trained model goes through data-adaptive test-time training on
framework are highlighted in orange, while the TTT baseline is in purple.

C. Predictor Model

For our prediction network in Fig. 2.(b), we adopt the
SOTA predictor ForecastMAE [5] as the backbone, the
same as previous work T4P [10] to enable fair comparison.
ForecastMAE consists of embedding layers { f., fy, fm}, an
encoder F, a decoder D, and an MAE reconstruction branch
R. Note that the future input Y is only for training.

Pre-training Stage. We adopt the modification in T4P
[10]: instead of using a two-stage training [5], the model
parameter § = {f, E, D, R} is optimized jointly on the MAE
loss Lyqe, Which consists of the regression loss L., and
the reconstruction 10ss L ccon :

Il’bin EDS »Cmae = Ereg(Xv Y) + »Crecon (Xa Y) (1)

Test-time Training. At time step ¢, we update the model
by minimizing the MAE loss at the previous time step t — 7
given the TTT time interval 7.

= ﬁreg (Xt—‘ra Yt—T) + Erecon (Xt—Ta Yt—r)

(2)

We also adopt the actor-specific tokens proposed by T4P

[10] to learn actor-wise habits. In the TTT stage, the actor-

specific tokens a,, are added to the embedding for each actor

n to obtain the actor-wise feature h,, h,, then h, h, are fed
into the encoder E.

has hy

Hleln Em,ae

:fw(x)+a7lafy(Y)+a"rL 3)

D. Meta Pre-training.

We propose a meta pre-training (MP) framework to directly
optimize the pre-trained model 6 for test-time training on
D?, solving the offline-online misalignment.

TTT Task Simulation. To optimize the model for test-time
adaptation, we first partition D® into separate sub-domains
and simulate online test-time training tasks. For trajectory
prediction, prior research has shown that different driving

the target dataset under distribution shifts. Newly proposed modules in our

Algorithm 1 Meta Pre-training

Require: inner learning rate «;,,, meta-learning rate /3, initial
model weights 0 <— 0,77, TTT task set 7, meta-learning
batch size B, inner-loop step K, time interval 7.

1: while not converge do

2:  sample TTT task batch {Ty,.. T}~ T

3: for each S; do

4: initialize model parameter 0; , = ¢

5: for t =71,27..., K7 do

6: Compute adapted parameters with gradient de-
scent: 0; . =0;, . — QinVo, ‘Cirfae‘r (0i1—r)

7: end for

8: end for

9:  Update meta-parameters: § < 0 — BV >, LLET

10: end while

11: return optimized model weights 6*

scenes naturally represent consistent sub-domains [8], [10],
[33], as each scene comprises unique agent behavioral patterns
and distinct road structures. Thus, we regard driving scenes
as sub-domains and simulate TTT tasks on them. Specifically,
we divide the source dataset into individual driving scenes,
and organize the samples within each scene s of length %,
in temporal order to create the online trajectory sequence

= {Xq,Xjy,...,Xs,}. This process generates an online
sequence set S = {Sg,S1,...} from all the scenes in D?,
and the TTT task set 7 = {Ty, Ty, ...} is defined by online
learning on S.

Meta-Learning. Given the initial model parameter 6 and
the TTT task set 7, we perform a bi-level optimization [26]:
in the inner loop, the model # undergoes simulated online test-
time training to yield #’; in the outer loop, a meta-objective
evaluates the adaptation performance and optimizes the initial
parameters 6. This process is illustrated in Algorithm 1. We
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first sample a task batch {Ty,...Tp} with batch size B.
For a single online TTT task T;, we initialize task-specific
model parameters 0; , = 0 at t = 0, then ¢; is optimized by
performing K step test-time training in the inner loop. For
each training step t = 7, 27..., K1,

0, =0,

2,t—T

- ainveg_t_T‘Ci’t_T(egﬂ,tf‘r)' (4)

mae

The adaptation performance is evaluated by the prediction
loss L£LKT after the last adaptation step. After B inner loops,
we perform meta optimization across the B evaluation loss
LEKTs with respect to the initial parameter @ in the outer

loop. The optimization on @ is as follow:

0=0-pVy> LLET ®)

K3

This equation contains second-order gradients with Hessian-
vector products, which is computation consuming. In practice,
we use the first-order-approximation [34]s.

Model Initialization. The inner step of meta-learning
makes the training process very time-consuming. Also, prior
work [28] reveals that performing meta-learning over an
offline pre-trained model can result in a model with better
generalization. Therefore, instead of training from scratch,
we initialize the model with offline pre-trained parameters
0015, 0 = 0,5 ¢ before meta-learning.

E. Data Adaptive Test-time Updating.

In addition to a good initialization, the test-time model
updating rule is also critical to the adaptation performance.
Conventional online updating methods adopt fixed learning
rates and update frequencies, which fails to account for the
unknown characteristics of test data. Recognizing this issue,
we propose a data-adaptive mechanism for test-time updating.

1) Dynamic Learning Rate Optimization (DLO): We
employ online partial derivatives to dynamically optimize
the learning rate according to the observed performance.
For simplicity, we consider stochastic gradient descent for
parameter ¢, at the pth TTT step with learning rate c,

9;0 = 9;0—1 - av9£mae (0;0—1)3 (6)

It is straightforward to extend to more complex optimizers
such as AdamW [35].
Inspired by [36], taking the assumption that the optimal
a does not change much between two consecutive updates,
we can use the partial derivative 0L,,qc(6p—1)/0c on step
p — 1 to optimize o on step p. Noting 0p,_1 = 0,_2 —
aVoLmae(0p—2) and applying the chain rule, we can get:
OLmae(0,—
% = Veﬁmae(epfl)'
9(p—2 — aVyLmae(0p-2)) ©)
Oa
= VO‘Cmae(epfl) . (_veﬁmae(9p72))

And then « is updated as follows:

ap = ap_1 — YOLmae(0p—1)/0cx

®
= Qp_1 + ’yv0£mae(9p71) ' V@»Cmae(ep72)a

where + is the learning rate for a.
In practice, we update the learning rate by averaging over
a longer interval 7, to stabilize the training process:

1 =2
Qp = Qp_r,, +7v9£mae (ep—l) i Z véﬁmae(aj)v
Ta J=p—Ta—1
)

We adopt different as for each network layer, with the same
initial learning rate c;,;¢. This can better liberate the network
flexibility of the adaptive process without the additional need
for manual hyperparameter tuning.

2) Hard-sample-driven Model Updates (HSD): Au-
tonomous driving data exhibits a long-tail distribution, where
a small fraction of challenging data—such as scenarios
involving intensive interactions or heavy reliance on road
maps—is particularly critical and demands sophisticated
modeling [37], [38]. These data are most susceptible to
performance degradation under distribution shift and best
represent the information that needs to be learned in the
current domain. We identify those critical hard samples by
comparing the prediction error e with a running error mean
m and a running error standard deviation o as follows, and
perform additional updates on them:

e>m+ ko. (10)

Equation 10 restricts the updates to only a small number of
samples. Therefore, we can utilize hard-sample-driven updates
without sacrificing efficiency. Learning rate optimization is
not implemented on these hard samples.

IV. EXPERIMENTS

A. Datasets

We conduct experiments on well-known trajectory datasets:
Waymo [15],nuScenes [16], Lyft [18], to construct various
cross-dataset distribution shifts. We make sure that scene
lengths in the source dataset are enough to perform a single-
step test-time update for meta pre-training. Trajdata [39]
is used as the dataset interface. Two kinds of widely used
configurations are adopted: long-term prediction and short-
term prediction. For short-term prediction, we watch 1 second
and predict 3 seconds with a time interval of 0.1. For long-
term prediction, we watch 2 seconds and predict 6 seconds
with a time interval of 0.5. We evaluate the best-of-6 metrics
[40] for multi-modal prediction: mAD FEg and mF D Eg. We
also evaluate mADFE; and M Rg for comprehensive analysis.

B. Baselines.

We compare with widely used unsupervised/supervised
test-time-training methods: DUA [41] and TENT [42] with
supervision, as-well-as state-of-the-art TTT methods specif-
ically for trajectory prediction: MEK [12], AML [11], and
T4P [10]. All methods use the same network architecture as
ours. We also add a non-TTT baseline: Joint-training, which
means only pre-training the model on the source dataset using
the joint MAE loss £,,4. and performing no test-time update.
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TABLE I
PERFORMANCE ON VARIOUS DISTRIBUTION SHIFTS. THE PREDICTOR IS TRAINED ON THE SOURCE DATASET, AND TEST-TIME TRAINED AND ONLINE

EVALUATED ON THE TARGET DATASET (SOURCE —TARGET). * MEANS REPRODUCED RESULTS BY OURSELVES.

mADFg Short-term prediction (1/3/0.1) long-term prediction (2/6/0.5)
/mFDEg Lyft—nuS nuS— Way Way—nuS Mean nuS—Lyft Lyft—nuS Mean
Joint Training 0.506/1.102  0.472/1.125  0.374/0.718 | 0.450/0.982 | 1.108/2.597  1.398/3.109 1.253/2.853
DUA 0.474/1.118  0.516/1.294  0.396/0.781 | 0.462/1.064 | 1.365/3.257  1.585/3.607 1.475/3.432
TENT(w/ sup) 0.462/1.009  0.448/1.071  0.358/0.695 | 0.423/0.925 | 1.068/2.514  1.396/3.102 1.232/2.808
MEK 0.508/1.806  0.405/1.061  0.373/0.713 | 0.429/1.192 | 1.006/2.369  1.426/3.119 1.216/2.744
AML 0.454/1.954  0.764/1.791  0.483/0.962 | 0.567/1.569 | 1.462/2.573  1.698/3.367 1.580/2.970
T4P 0.357/0.770  0.336/0.807  0.323/0.656 | 0.339/0.744 | 0.776/1.820  1.254/2.802 1.014/2.311
T4P* 0.408/0.847  0.343/0.792  0.284/0.585 | 0.345/0.741 | 0.711/1.578  1.260/2.742 0.985/2.160
MetaDAT(Ours) | 0.332/0.683  0.305/0.712  0.266/0.548 | 0.301/0.648 | 0.648/1.472 1.177/2.551 0.912/2.011
TABLE III TABLE IV
COMPARISON ON MORE MULTI-MODAL PREDICTION PERFORMANCE. ABLATIONS ON DIFFERENT MODULES OF METADAT.
mADE; Short-term prediction Components Short-term Long-term Mean
/M Rs Lyft—nuS  nuS—Way  Way—nuS MP DLO HSD | Lyft—=nuS | nuS—Lyft
T4P 1.050/0.088  0.805/0.091 0.911/0.037 , g;‘gg;gggz 8;;;; }ng 82?%}?};
MetaDAT | 0.856/0.060 0.708/0.078  0.785/0.026 v 0.576/0.776 0.684/1.538 | 0.530/1.157
v 0.400/0.836 | 0.707/1.552 | 0.554/1.194
v v 0.347/0.702 | 0.650/1.468 | 0.498/1.085
C. Implement Details. v v v 0.332/0.683 | 0.648/1.472 | 0.490/1.077

We use the same model structure as ForecastMAE [5],
[10]. For offline pre-training, we adopt the same training
schedule as T4P [10]. The offline pre-trained model works
as model initialization for meta pre-training. For meta pre-
training, we train for 8 epochs with a meta batch size B = 4
using the AdamW [35] optimizer with weight decay of 0.001.
The inner-loop step K is set as 4. The learning rate S for
meta pre-training is set as Se-4 initially and is gradually
decayed by a cosine scheduler to le-6. The inner learning
rate «y, is the same as the online learning rate «;,;;. For
the test-time training process, we select the initial learning
rate a;n;¢ as 0.001 for nuS —Way short-term and all the
long-term experiments, and 0.01 for all other experiments.
The AdamW optimizer [35] is adopted for test-time training.
We select the TTT time interval 7 = ¢ to allow the past
GT future to contain the full prediction horizon. « is set as
le-4, and the learning rate update interval 7, is 8. k is set
as 3. In Sec. IV-E, the FPS results are calculated on a single
NVIDIA-L4 GPU.

D. Results And Comparisons.

Quantitative Results. Table I summarizes our experimental
results under various cross-dataset distribution shifts. All the
results are averaged over 3 independent runs. Our method
stably outperforms all comparison methods across various
distribution shifts and different prediction configurations,
showing the superiority and generalization ability of MetaDAT.
Specifically, we outperform the second-best TTT method
T4P [10] by 12.7% on mADEg and 12.5% on mF DEg
under short-term prediction configuration, thanks to our meta
pre-training to get a flexible model initialization, and our
effective and efficient data-adaptive updating. Moreover, our
method outperforms another meta-learning-based competitor
AML [11] significantly. This highlights that our method
has the flexibility to pre-train and finetune deeper model

representations. We also compare with the second-best T4P
on more metrics in Tab. III, to better show our superior
multi-modal prediction performance.

Qualitative Results. In Figure 3 we visualize the qual-
itative prediction results after test-time training on various
driving scenarios, such as going straight, turning, and crossing
intersections. We compare against two methods: Joint-training
which performs no adaptation, and the previous SOTA TTT
method T4P. Our method shows stable superior adaptation
performance, surpassing both methods across various datasets.
This demonstrates the effectiveness of the strategies we
proposed in both pre-training and online training. Furthermore,
qualitative comparison on the multi-modal prediction results
in Fig. 4 shows that our method can enhance both horizontal
and vertical prediction modality diversities.

E. Ablation And Discussions

Ablations. In Tab. IV we do ablations on different
components of MetaDAT. The table illustrates that all three
proposed modules: meta pre-training, dynamic learning
rate optimization, and hard-sample-driven updates can lead
to performance improvements when working individually.
Combining all three modules leads to further improvements.
This illustrates the complementarity of those modules, as they
simultaneously focus on two different aspects: pre-training
a powerful model initialization, and more adaptive test-time
training by adjusting learning rate and updating frequency.

Robustness To Different Learning Rate. Robustness is a
critical factor in online learning for trajectory prediction, as
it significantly impacts the safety of real-time systems. We
studied the robustness of the test-time training algorithms to
the initial online learning rates a(«;y;¢) in Tab. V. We can
see that « largely influences the performance of T4P. Our
proposed dynamic learning rate optimization can adaptively
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Fig. 3.

Lyft—nuS
Qualitative visualizations on test-time training results. The top row shows the prediction results without adaptation, while the bottom row indicates

— T4P —— MetaDAT — Ground Truth

Lyft—nuS Way—nuS

the adaptation results using test-time training. We only visualize the best modality for multi-modal predictions.

Fig. 4. Qualitative visualizations on multi-modal prediction results for TTT
methods. Left: T4P. Right: MetaDAT.

TABLE V
ROBUSTNESS TO LEARNING RATE a(Qinit) ON NUS— WAY SHORT-TERM
(mADEgs/mFDEg).
a=0.01 a=0.001 a=0.0001
T4P 0.518/1.097  0.343/0.792  0.393/0.967
T4P+DLO | 0.452/0.957  0.337/0.762  0.350/0.792
MetaDAT | 0.407/0.887  0.305/0.712  0.341/0.760

adjust « to suit the test data, therefore the performance under
bad initial « is improved (T4P+DLO). Our full MetaDAT
makes more progress, which might be because the meta
pre-training can get a robust model initialization.
Efficiency. Efficiency is another crucial factor for online
learning. In Fig. 5 we evaluate the frame per second (FPS)
along with accuracy (mADEg) of MetaDAT against the
second-best method T4P. Both methods can improve FPS by
adjusting the update frequency: a frequency of 1 indicates
updating at every opportunity, making 7 = 12, while 2 means
7 = 24. The HSD updating frequency is always 1. MetaDAT
can improve the performances with little additional latency
introduced, thanks to the hard-sample-driven updates.
Few-shot Adaptation Results. In Tab. VI we analyze the

TABLE VI
FEW-SHOT ADAPTATION PERFORMANCE (mADFEg/mF DEg) ON
NUS—WAY SHORT-TERM.

Sample 2000 5000 10000
T4p 0.350/0.849  0.348/0.801  0.343/0.792
MetaDAT | 0.327/0.743  0.317/0.731  0.305/0.712

0.85

—e— T4P
—o— T4P+HSD
0871 —e— MetaDAT
50.75
i)
[a)
T o1
0.65
0.6
15 20 25 30
FPS

Fig. 5. Prediction accuracy and execution FPS on nuS—Lyft long-term
experiments. The number next to each data point indicates the updating
frequency. We plot results for frequencies of 1,2,3,5. MetaDAT demonstrates
better prediction performance at the same FPS.

prediction performance with different sample amounts for test-
time adaptation. The table clearly demonstrates that MetaDAT
consistently outperforms T4P across various data amounts.
Notably, MetaDAT achieves impressive performance even
with a small number of samples, such as 2000, highlighting
its few-shot adaptation capability.

Limitations And Future Work. Our test-time training
approach relies on accurate online detection and tracking to
obtain accurate observed trajectories for training. However,
in practice, noisy trajectories from imperfect perception can
degrade model performance [43], [44]. Thus, developing
robust online learning strategies remains a key challenge.

V. CONCLUSION

We propose a Meta pre-training and Data Adaptive Test-
time updating framework for trajectory predictors under
distribution shift. Both quantitative and qualitative results
demonstrate that our method achieves SOTA adaptation
performance on various cross-dataset shifts and prediction
configurations. Additionally, our approach enhances adap-
tation performance under few-shot conditions, suboptimal
learning rates, and high-efficiency requirements, making it
well-suited for real-world applications.
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