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Abstract

Trajectory prediction aims to forecast an agent’s fu-
ture trajectories based on its historical observed trajecto-
ries, which is a critical task for various applications such
as autonomous driving, robotics, and surveillance systems.
Most existing trajectory prediction methods assume that the
observed trajectories collected for forecasting are clean.
However, in real-world scenarios, noise is inevitably intro-
duced into the observations, resulting in the collapse of the
existing approaches. Therefore, it is essential to perform
robust trajectory prediction based on noisy observations,
which is a more practical scenario. In this paper, we pro-
pose NATRA, a Noise-Agnostic framework capable of tack-
ling the problem of TRAjectory prediction with arbitrary
types of noisy observations. Specifically, we put forward a
mutual information-based mechanism to denoise the origi-
nal noisy observations. It optimizes the produced trajecto-
ries to exhibit a pattern that closely resembles the clean tra-
jectory pattern while deviating from the noisy one. Consid-
ering that the trajectory structure may be destroyed through
the only optimization of mutual information, we introduce
an additional reconstruction loss to preserve the structure
information of the produced observed trajectories. More-
over, we further propose a ranking loss to further enhance
the performance. Because NATRA does not rely on any spe-
cific module tailored to particular noise distributions, it can
handle arbitrary types of noise in principle. Additionally,
our proposed NATRA can be easily integrated into exist-
ing trajectory prediction models. Extensive experiments on
both synthetic and real-world noisy datasets demonstrate
the effectiveness of our method.
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Figure 1. Performance drop of various trajectory prediction meth-
ods, including GraphTern [3], EqMotion [87], SocialVAE [88] and
MID [21], on the ETH/UCY [33, 53] and Stanford Drone datasets
(SDD) [57]. The start of each arrow indicates the performance
under clean observations, while the end represents the degraded
performance under noisy observations (We add Gaussian noise
N (0, σ = 0.4) to the clean observations.). Best viewed in color.

1. Introduction
The objective of trajectory prediction is to anticipate the
future trajectories for agents given their past observed tra-
jectories, which is an essential and emerging task in nu-
merous applications, such as autonomous driving [22, 54,
55, 79, 105, 106], drones [15], surveillance systems [76],
and robotics [25, 58]. In recent years, trajectory prediction
has garnered significant attention in the computer vision
and machine learning communities, with numerous meth-
ods proposed [4, 5, 11, 12, 14, 81]. Among these methods,
they typically assume the observed historical trajectories are
clean, and leverage them to predict future trajectories. Re-
cent advances have demonstrated promising performance in
trajectory prediction by learning from such clean observed
trajectory data.

However, in real-world scenarios, the observed trajecto-
ries are inevitably noisy, often caused by adverse weather
conditions or occlusions [72, 73, 99], which significantly
hinder the performance of existing trajectory prediction
methods. To substantiate this point, we introduce noise into
the historical trajectories of both the training and testing sets

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

27872



of the ETH/UCY [33, 53] and Stanford Drone (SDD) [57]
datasets. We then conduct experiments on several recently
proposed trajectory prediction approaches. We compare the
performance before and after introducing noise to the ob-
servations. As shown in Figure 1, the presence of noise in
the observed trajectories leads to a significant performance
drop for various trajectory prediction methods on both two
datasets. This significant performance degradation high-
lights the detrimental impact of noise on trajectory predic-
tion accuracy, even for state-of-the-art models. Therefore,
it is crucial to devise a robust method for predicting future
trajectories based on noisy observations.

In this paper, we propose NATRA, a noise-agnostic
method designed to address the challenge of trajectory pre-
diction with arbitrary types of noisy observations. Specif-
ically, we first propose a mutual information-based mech-
anism to filter noise from the original observations. This
mechanism ensures the produced trajectories closely resem-
ble the patterns of noise-free trajectories while deviating
from the noisy patterns. To this end, we maximize the mu-
tual information between the produced trajectories and the
clean future trajectories (i.e., ground-truth), while simul-
taneously minimizing the mutual information between the
produced trajectories and the original noisy observations. In
this way, the produced trajectories are forced to collate in-
formation from both the noisy trajectories and clean future
trajectories, thereby preserving the necessary information
while filtering out noise. However, solely relying on op-
timizing mutual information for denoising may disrupt the
structure of the trajectory. Therefore, we propose to ran-
domly mask several observations and attempt to reconstruct
the masked locations. By jointly optimizing the mutual in-
formation and reconstruction losses, the trajectory denoise
model can effectively eliminate noise while preserving the
structure information of the trajectory. In the meantime, we
design a ranking loss to facilitate the ability of the trajec-
tory prediction module based on an intuitive thought: pre-
dictions using the produced denoised observations will be
superior to those using noisy observations. It is notewor-
thy that the ranking loss optimizes not only the trajectory
prediction module but also the denoising module, which
can further assist in filtering noise to some extent. Since
NATRA does not rely on any specific module tailored to
a particular noise distribution, it can handle arbitrary noise
in principle. Essentially, our proposed NATRA is a plug-
and-play approach that is compatible with existing trajec-
tory prediction models, enabling them to gracefully handle
cases with noisy observations.

Our main contributions are summarized as follows: 1)
We investigate a new problem setting for trajectory predic-
tion with noisy observations, addressing a more practical
scenario. To tackle this, we propose a noise-agnostic, plug-
and-play approach called NATRA. 2) We design a denoising

module that incorporates a mutual information-based loss
along with a reconstruction loss, effectively denoising ob-
served trajectories while preserving their structural infor-
mation. 3) We propose a ranking loss to ensure that de-
noised observations yield superior future predictions com-
pared to their noisy counterparts, thereby enhancing the ac-
curacy of trajectory predictions. 4) We conduct extensive
experiments on the ETH/UCY and SDD datasets, demon-
strating that our method significantly outperforms the base-
lines in predicting trajectory with noisy observations.

2. Related Works

2.1. Trajectory Prediction with Clean Observations
Trajectory prediction has been an active area of research
in the computer vision and machine learning communities.
Early works employ physics-based methods to model the
trajectories of agents [44, 53]. Subsequently, learning-based
approaches are proposed, which significantly enhance the
performance of trajectory prediction [59, 78, 85, 91, 107].
They model trajectory temporal information and the inter-
action between agents [1, 2, 50, 65, 93]. One represen-
tative approach is social pooling, which aggregates hid-
den state information of neighbors within a spatial grid
[23, 61]. Additionally, attention mechanisms [18, 77],
graph neural networks [29, 31, 39, 69] and transformers
[66, 96, 97, 108] have also been exploited to model inter-
actions among agents. To further enhance prediction per-
formance, researchers delve into incorporating the map in-
formation. Works such as [16, 46, 48, 63, 68] encode RGB
scene information, while [20, 28, 74, 94, 103] incorpo-
rate lane and road traffic information. Moreover, due to
the inherent uncertainty associated with agents, researchers
have proposed a series of models to predict multiple plau-
sible future trajectories, including GANs [40, 43, 104],
VAEs [34, 35, 70], and diffusion models [6, 26, 38, 56].
Recently, several new task settings have been introduced
to address more practical trajectory prediction problems,
including trajectory prediction with varying observations
[37, 38, 52, 71, 89], long-tailed distribution in trajectory
prediction [49, 80, 98], and distribution shift in trajectory
prediction [30, 42, 67, 90].

Despite these methods having shown promising perfor-
mance, they rely on sufficiently clean observed trajectories.
As aforementioned, when the observed trajectories are cor-
rupted by noise, the model performance severely deterio-
rates. In contrast to these approaches, we attempt to tackle
the problem of predicting future trajectories with noisy ob-
served trajectories.

2.2. Robust Trajectory Prediction
Robust trajectory prediction aims to achieve accurate future
trajectory forecasting with noisy input. Existing approaches
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primarily take detection results as inputs, and attribute noise
to imperfections in tracking modules [82, 83, 92, 95, 101].
For instance, MTP [83] proposes a multi-hypothesis frame-
work to generate multiple potential tracklets and predict di-
verse future trajectory predictions, thereby mitigating error
propagation. Similarly, the work in [82] mitigates noise sen-
sitivity by directly utilizing raw detections and their inter-
frame affinity matrices as inputs to trajectory prediction
models, bypassing the error-prone data association process.
Additionally, recent efforts have also addressed adversarial
noise in historical trajectories induced by adversarial attacks
[8, 9, 27, 60, 100, 102].

While these methods have proven effective in enhancing
robustness and prediction accuracy, they are typically lim-
ited to handling specific noise types, which restricts their
practical applicability. In contrast, our method is designed
to directly eliminate noise in trajectory locations, thereby
improving both the robustness and accuracy of trajectory
prediction models.

3. Methods
3.1. Problem Formulation
Let Xobs = {x1obs, x2obs, . . . , x

Tobs
obs } denote the observed

trajectories, where Tobs is the observation length, and
xiobs ∈ R2 is the ith location. We assume the obser-
vations are given by Xobs = fN (Sobs), where Sobs =
{s1obs, s2obs, . . . , s

Tobs
obs } are clean observed trajectories, and

fN is a noise function that introduces arbitrary types of
noise, such as Gaussian and Poisson noise, to the clean sam-
ples. Moreover, we denote the ground-truth future trajecto-
ries as Yfut = {y1fut, y2fut, . . . , y

Tfut
fut }, where yifut ∈ R2

represents the ith locations, and Tfut is the length of the
ground-truth future trajectories. In this work, we define
the problem by assuming Yfut are clean, and only the ob-
served historical trajectory is noisy1 . Different from pre-
vious works that typically utilize clean observations Sobs
for future trajectory prediction, our goal is to develop a ro-
bust trajectory prediction method using noisy observations,
which is a more practical scenario. Specifically, we aim to
use noisy observations Xobs to forecast K plausible future
trajectories {Ŷfut}Kk=1 under the supervision of Yfut.

3.2. Overall Framework
The overall framework of the proposed NATRA is shown in
Figure 2. Our framework consists of two parts: a Trajectory
Denoise Model (TDM) and a Trajectory Prediction Back-
bone (TPB). To eliminate noise from the noisy observations
Xobs, we first propose a mutual information-based mecha-

1Most datasets, such as Argoverse [10], undergo post-processing, so we
can consider the trajectories in the dataset, including historical and future
trajectories, as clean. Nevertheless, we can manually introduce noise into
the historical trajectories.

nism, which encourages the produced trajectories X̂obs ex-
hibit patterns similar to the noise-free ground-truth future
trajectories Yfut, while deviating from the patterns of the
noisy observed trajectories Xobs. This is achieved through
a loss function LMI that simultaneously maximizes the mu-
tual information between X̂obs and Yfut while minimizing
the mutual information between X̂obs andXobs. In this way,
the produced trajectories X̂obs are forced to collate infor-
mation from both the noisy trajectories Xobs and clean fu-
ture trajectories Yfut, thereby filtering out noise. Given that
only optimizing mutual information-based loss potentially
disrupts the structure of the trajectories, we propose a re-
construction strategy to mitigate this issue. Specifically, we
randomly mask M locations of the noisy observations Xobs

to obtain Xmask
obs . The Xmask

obs is then fed into the TDM
to reconstruct the masked portion of the original noisy in-
put Xobs using Lrec. By jointly optimizing LMI and Lrec,
the TDM is able to learn to denoise while preserving the
structure information of the trajectories. To facilitate more
accurate trajectory prediction, we devise a ranking loss. We
first input both the denoised observations X̂obs and the orig-
inal noisy observations Xobs into the TPB to forecast future
trajectories. Then the ranking loss is applied to encourage
the future trajectories predicted from the denoised obser-
vations to be more precise than those predicted from the
noisy observations, thereby enhancing the trajectory predic-
tion performance. The TDM and TPB modules can benefit
from each other: the ranking loss in TPB helps TDM fil-
ter noise more effectively, while the denoised trajectories
generated by TDM enable TPB to predict future trajecto-
ries more accurately. As NATRA is not dependent on any
module specialized for a particular noise distribution, it is
capable of handling arbitrary noise in principle. In addi-
tion, NATRA is essentially a plug-and-play approach and
can be readily integrated into existing trajectory prediction
models, enabling them to effectively handle scenarios with
noisy observations.

3.3. Trajectory Prediction with Noisy Observations

In this section, we introduce the details of our NATRA. We
first present the mutual information-based denoising mech-
anism, followed by the designed ranking loss.

3.3.1. Mutual Information-Based Denoising Mechanism.
Given noisy observations Xobs, we expect the noise can be
eliminated through a trajectory denoising model ΦTDM. In-
spired by Information Bottleneck [75], we encourage the
produced trajectories to exhibit patterns closely resembling
noise-free trajectory patterns while deviating from noisy
patterns. This is achieved by maximizing the mutual in-
formation between the produced trajectories and noise-free
ground-truth future trajectories Yfut while minimizing the
mutual information between the produced trajectories and
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Figure 2. Overview of NATRA framework. It is composed of two modules: a Trajectory Denoise Model (TDM) and a Trajectory Prediction
Backbone (TPB). The LMI denoises the produced trajectories X̂obs by maximizing mutual information between X̂obs and the clean
ground-truth Yfut, while minimizing the mutual information between X̂obs and noisy observations Xobs. The Lrec reconstructs the masked
location of the original trajectories. By jointly optimizing Lrec and LMI , the trajectory denoise model can learn to denoise trajectories
while preserving the structure information. The ranking loss Lrank constrains the predictions based on the denoised observations X̂obs to
be superior to those based on the noisy observations Xobs, thereby further filtering out noise and enhance the ability of trajectory prediction.

the original noisy observations Xobs. We define the objec-
tive function as:

JMI = min
X̂obs

αI(Xobs; X̂obs)− I(X̂obs;Yfut), (1)

where I(· ; ·) calculates the mutual information of two vari-
ables, and α is a trade-off parameter.

However, directly calculating JMI is intractable. There-
fore, we estimate the upper bound of I(Xobs; X̂obs) by uti-
lizing CLUB [13], and the lower bound of I(X̂obs;Yfut)
by leveraging the method described in MINE [7]. We first
calculate the upper bound of I(Xobs; X̂obs).

Theorem 3.1. Given two random variables x and y, the
mutual information I(x; y) has the following upper bound

I(x; y) ≤ Ep(x,y)[log p(y|x)] − Ep(x)Ep(y)[log p(y|x)].
(2)

Proof. See proof in the Appendix 6.7.

By substituting Xobs and X̂obs to the Equation (2), we
can obtain the upper bound of I(Xobs; X̂obs):

I(Xobs; X̂obs) ≤ Ep(Xobs,X̂obs)[log p(X̂obs|Xobs)]

− Ep(Xobs)Ep(X̂obs)[log p(X̂obs|Xobs)]. (3)

Since p(X̂obs|Xobs) is unknown, we introduce a variational
approximation distribution qϕ(X̂obs|Xobs) to approximate
p(X̂obs|Xobs) with parameter ϕ, following [13]. Thus, the

upper bound can be written as:

I(Xobs; X̂obs) ≤ Iµ(Xobs; X̂obs)

= Ep(Xobs,X̂obs)[log qϕ(X̂obs|Xobs)]

− Ep(Xobs)Ep(X̂obs)[log qϕ(X̂obs|Xobs)]. (4)

Theorem 3.2 (Donsker-Varadhan representation [17]).
Given two probability distributions P, Q. The Kullback
Liebler Divergence admits the following dual representa-
tion:

DKL(P||Q) = sup
T :Ω→R

EP[T ]− logEQ[e
T ], (5)

Proof. See the proof in the Appendix 6.8.

Next, we calculate the lower bound of the mutual infor-
mation I(X̂obs;Yfut).

Based on the Theorem 3.2, we can obtain the
I(X̂obs, Yfut) by:

I(X̂obs, Yfut) = DKL(p(X̂obs, Yfut)||p(X̂obs)p(Yfut))

= sup
T :Ω→R

Ep(X̂obs,Yfut)[T ]− logEp(X̂obs)p(Yfut)[e
T ], (6)

where Ω = X̂obs × Yfut is the input space. Let F be any
class of functions T : Ω → R, and the lower bound of
I(X̂obs, Yfut) can be expressed as:

I(X̂obs, Yfut) ≥ IF (X̂obs, Yfut)

= sup
T∈F

Ep(X̂obs,Yfut)[T ]− logEp(X̂obs)p(Yfut)[e
T ]. (7)
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We choose F to be the family of functions Tψ : X̂obs ×
Yfut → R, parameterized by a neural network ψ. Thus, the
lower bound can be written as:

I(X̂obs, Yfut) ≥ Iψ(X̂obs, Yfut)

= sup
ψ

Ep(X̂obs,Yfut)[Tψ]− logEp(X̂obs)p(Yfut)[e
Tψ ]. (8)

Based on Equation (4) and (8), we derive the upper bound
LMI of the JMI as:

JMI ≤ LMI = αIµ(Xobs; X̂obs)− Iψ(X̂obs, Yfut)

= αEp(Xobs,X̂obs)[log qϕ(X̂obs|Xobs)]

− Ep(Xobs)Ep(X̂obs)[log qϕ(X̂obs|Xobs)]

− sup
ψ

Ep(X̂obs,Yfut)[Tψ]+logEp(X̂obs)p(Yfut)[e
Tψ ] (9)

By minimizing the upper bound LMI , we can obtain an
approximation solution to Equation (1), enabling the trajec-
tory denoise model to learn how to denoise trajectories.

However, only optimizing the mutual information may
destroy the structure of the produced trajectories. There-
fore, we propose a reconstruction strategy to preserve the
structure information. As shown in the left part of Figure
2, we mask locations within the noisy observed trajectories
Xobs to generate Xmask

obs , which can be formulated as:

Xmask
obs = Xobs ⊙Mobs, (10)

where ⊙ represents the element-wise multiplication. Mobs

is a 0-1 mask vector, where the value 0 represents the cor-
responding locations are masked. Subsequently, theXmask

obs

is fed into the trajectory denoise model ΦTDM to produce
observed trajectories X̂mask

obs . To enable TDM to preserve
the structural information of the trajectories, we reconstruct
the masked locations in the produced trajectories. We define
the reconstruction loss as follows:

Lrec = J (X̂mask
obs ⊙(1−Mobs), Xobs⊙(1−Mobs)), (11)

where J denotes the distance metric, and we empirically
adopt L2 distance in this work. Through optimizing Lrec,
the trajectory denoise model can learn to preserve the struc-
ture information of the observations. By jointly optimiz-
ing the reconstruction loss Lrec with LMI , the mutual
information-based mechanism effectively denoises the tra-
jectories while preserving their structural information.

3.3.2. Trajectory Prediction Based on Ranking Loss.
After obtaining the denoised observed trajectories X̂obs, we
design a ranking loss to enhance future trajectory predic-
tion performance. The ranking loss is based on an intuitive
thought: leveraging denoised observed trajectories should
yield more accurate future predictions compared to using

noisy observations. To accomplish this, we first input the
denoised observations into the trajectory prediction back-
bone ΦTPB. Then, we can predict K plausible future trajec-
tories:

{Ŷ kfut}Kk=1 = ΦTPB(ΦTDM(Xobs)), (12)

Similarly, we can also predict K possible trajectories based
on the noisy observed trajectories:

{Ỹ kfut}Kk=1 = ΦTPB(Xobs). (13)

After obtaining K possible trajectories based on the de-
noised and noisy observed trajectories, respectively, we
then select the minimal distances ddenoise and dnoise by cal-
culating the distances between each predicted trajectory and
ground-truth trajectory, respectively. Formally,

ddenoise = min
1≤k≤K

||Ŷ kfut − Yfut||2, (14)

dnoise = min
1≤k≤K

||Ỹ kfut − Yfut||2. (15)

Then, we employ the ground-truth future trajectories as su-
pervision for the best-predicted trajectory:

Lpred = ||Ŷ bestfut − Yfut||2 + ||Ỹ bestfut − Yfut||2, (16)

where best represents the trajectory with a minimal distance
to the ground-truth. Subsequently, we design a ranking loss
to constrain the best prediction Ŷ bestfut using the denoised
observations to be more accurate than that Ỹ bestfut using the
noisy observations:

Lrank = max(0, ddenoise − dnoise +∆), (17)

where ∆ is a margin. Since the ranking loss optimizes both
the trajectory prediction backbone and the trajectory de-
noise model, it not only aids in better trajectory prediction
but also facilitates the denoising ability of the trajectory de-
noise model.

3.4. Optimization and Inference
Optimization. We define the total loss function as:

L = Lpred + βLrank + δLrec + γLMI , (18)

where β, δ, and γ are trade-off hyperparameters. The train-
ing details are shown in Appendix 6.6.

Inference. After training, the model can be utilized
for trajectory prediction based on noisy observations. As
shown in the green arrow in Figure 2, we first feed the noisy
trajectories Xobs into the trajectory denoise model ΦTDM to
obtain denoised trajectories X̂obs. Subsequently, the trajec-
tory prediction backbone ΦTPB takes X̂obs as input to obtain
the predicted future trajectories {Ŷ kfut}Kk=1.
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Table 1. Comparison of different methods on the ETH/UCY dataset. All methods are trained and tested with noisy observations input. The
evaluation metrics are ADE and FDE (Unit: meters). The best results are highlighted in bold.

Noise Method ETH HOTEL UNIV ZARA1 ZARA2 AVG
ADE FDE ADE FDE ADE FDE ADE FDE ADE FDE ADE FDE

σ = 0.2

GraphTern 0.56 0.81 0.27 0.39 0.39 0.59 0.37 0.58 0.34 0.50 0.39 0.57
EqMotion 0.51 0.70 0.17 0.24 0.36 0.56 0.33 0.54 0.25 0.37 0.32 0.48

MID 0.74 0.86 0.37 0.36 0.45 0.58 0.43 0.52 0.40 0.47 0.48 0.56
SocialImplict 0.67 1.28 0.31 0.49 0.46 0.77 0.39 0.71 0.35 0.63 0.44 0.78
SocialVAE 0.56 0.89 0.18 0.25 0.40 0.63 0.32 0.49 0.25 0.38 0.34 0.53

Wavelet+GraphTern 0.50 0.72 0.23 0.35 0.37 0.56 0.32 0.50 0.30 0.42 0.34 0.51
EMA+GraphTern 0.53 0.76 0.26 0.37 0.38 0.57 0.34 0.54 0.31 0.48 0.36 0.53

NATRA+GraphTern 0.48 0.68 0.19 0.26 0.35 0.53 0.28 0.44 0.27 0.36 0.31 0.45
Wavelet+EqMotion 0.48 0.64 0.16 0.22 0.32 0.52 0.31 0.48 0.23 0.32 0.30 0.44
EMA+EqMotion 0.49 0.66 0.16 0.22 0.34 0.53 0.31 0.48 0.23 0.33 0.31 0.44

NATRA+EqMotion 0.47 0.61 0.16 0.21 0.29 0.47 0.28 0.44 0.21 0.29 0.28 0.40

σ = 0.4

GraphTern 0.67 0.99 0.40 0.51 0.49 0.69 0.51 0.71 0.46 0.61 0.51 0.70
EqMotion 0.65 0.87 0.25 0.34 0.43 0.64 0.42 0.62 0.34 0.48 0.42 0.59

MID 0.88 1.08 0.51 0.49 0.60 0.73 0.59 0.84 0.57 0.72 0.63 0.77
SocialImplict 0.74 1.39 0.40 0.64 0.54 0.86 0.59 0.88 0.53 0.76 0.56 0.61
SocialVAE 0.67 1.01 0.24 0.32 0.48 0.73 0.41 0.58 0.31 0.43 0.42 0.61

Wavelet+GraphTern 0.60 0.83 0.33 0.43 0.46 0.64 0.42 0.63 0.37 0.49 0.44 0.60
EMA+GraphTern 0.64 0.92 0.36 0.46 0.46 0.66 0.47 0.67 0.41 0.58 0.47 0.66

NATRA+GraphTern 0.55 0.77 0.29 0.41 0.42 0.61 0.38 0.56 0.34 0.42 0.40 0.55
Wavelet+EqMotion 0.62 0.74 0.23 0.29 0.41 0.58 0.39 0.56 0.32 0.43 0.39 0.52
EMA+EqMotion 0.63 0.75 0.23 0.29 0.42 0.63 0.40 0.58 0.31 0.42 0.43 0.53

NATRA+EqMotion 0.57 0.71 0.20 0.25 0.35 0.51 0.35 0.51 0.29 0.41 0.35 0.48

Table 2. Comparison of different methods on the SDD dataset. All methods are trained and tested noisy observed trajectory inputs. The
evaluation metrics are ADE and FDE (Unit: pixels). The best results are highlighted in bold.

Noise Method SDD Noise Method SDD
ADE FDE ADE FDE

σ = 0.2

GraphTern 11.67 18.37

σ = 0.4

GraphTern 13.74 19.77
EqMotion 10.62 15.68 EqMotion 13.46 19.60

MID 10.26 15.38 MID 12.86 18.35
SocialImplicit 15.92 26.82 SocialImplicit 18.07 29.98

SocialVAE 11.67 17.62 SocialVAE 13.73 19.71
Wavelet+GraphTern 10.52 16.86 Wavelet+GraphTern 12.98 18.50
EMA+GraphTern 11.03 17.42 EMA+GraphTern 13.21 19.11

NATRA+GraphTern 10.08 15.64 NATRA+GraphTern 12.35 17.28
Wavelet+EqMotion 10.36 15.24 Wavelet+EqMotion 12.38 18.25
EMA+EqMotion 10.32 15.22 EMA+EqMotion 12.79 18.64

NATRA+EqMotion 10.06 14.67 NATRA+EqMotion 11.92 17.65

4. Experiments

4.1. Experiment Settings

Backbones and Compared Baselines. To validate the effi-
cacy of NATRA, we integrate it into three popular trajectory
prediction backbones GraphTern [3], EqMotion [87] and
HiVT [105]. We compare our method against five state-of-
the-art trajectory prediction models, including GraphTern,
EqMotion, HiVT, MID [21], SocialImplicit [51], and So-

cialVAE [88]. These methods take original noisy obser-
vations as input to predict future trajectories. Considering
there are few works focusing on trajectory prediction with
noisy observed trajectory inputs, we establish two trajec-
tory denoising baselines by integrating Wavelet and EMA
with the trajectory prediction backbones, respectively, for
a more comprehensive comparison. The Wavelet utilizes
the wavelet transform to decompose the signal into multi-
ple scales, obtaining wavelet coefficients of different fre-
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Table 3. Comparison of different methods on the Argoverse
dataset. All methods are trained and tested noisy observed tra-
jectory inputs.

Noise Method
Argoverse

K=1 K=6
ADE FDE ADE FDE

σ = 4

HiVT 3.16 6.22 0.93 1.48
EMA+HiVT 3.07 6.29 0.91 1.47

Wavelet+HiVT 3.09 6.06 0.90 1.42
NATRA+HiVT 2.78 5.69 0.87 1.37

quencies. Then the noise in high-frequency coefficients is
removed by the thresholding method. The EMA smooths
the current trajectory location by taking an exponentially
weighted average of the current location and past locations.

Dataset. We evaluate our proposed NATRA on three
widely used datasets: the ETH/UCY [33, 53], SDD [57],
and Argoverse dataset [10]. ETH/UCY dataset is com-
posed of 5 scenes, including ETH, HOTEL, UNIV, ZARA1,
and ZARA2, with 1,536 pedestrians recorded in total. Fol-
lowing [4, 24, 45, 88], we adopt the ”leave-one-out” strat-
egy, where the models are trained on 4 scenes and tested on
the remaining scene. SDD consists of 20 scenes captured
using a drone in a top-down view around the university
campus containing several types of moving agents such as
humans, bicyclists, skateboarders, and vehicles, which con-
tains 5,232 trajectories in total. Following works in [21, 84],
we use 8 frames of trajectories are used as observations to
predict the next 12 frames. Argoverse is a large-scale tra-
jectory prediction dataset for autonomous driving, compris-
ing of 324,557 scenes. The historical trajectories contains
20 frames with 10Hz as the sample rate, which is used to
predict future 30 frames of future trajectories.

To verify the robustness of NATRA against noise, we add
noise into original trajectory prediction datasets, ETH/UCY,
SDD and Argoverse. We employ two settings: 1) We first
add Gaussian noise N (0, σ) for noise simulation.2 2) To
verify the noise-agnostic property of NATRA, we addition-
ally incorporate Poisson noise P(λ), mixed noise, and mul-
tiplicative noise. 3) To evaluate NATRA’s capability in han-
dling real-world noisy data, we extract high-noise samples
from the original dataset to construct a noisy dataset that
reflects real-world noise conditions.

Evaluation Metrics. Following previous works [21, 47,
61, 64], we employ ADEk and FDEk to evaluate the pre-
dicted trajectories. ADE is the average L2 error between all
future timesteps, and FDE is the error at the final timestamp.
We take the best out of K = 20 predictions to account for
the multi-modality for trajectory prediction on ETH/UCY
and SDD dataset, as in [62, 86], and we set K = 1 and
K = 6 on Argoverse Dataset, as in [41, 105]

2The Central Limit Theorem [32] suggests that combination of various
noise sources tend to approximate a Gaussian distribution.

Implementation Details. Implementation details of
NATRA are elaborated in Appendix 6.9

4.2. Results and Analysis
Performance on Trajectory Predictions with Gaussian
Noisy Observations. We evaluate the performance of our
proposed NATRA and compare it with various baselines
on the ETH/UCY and SDD datasets, with σ setting to
0.2 and 0.4.3 The results are listed in Table 1 and Table
2. Based on the two tables, NATRA+GraphTern and NA-
TRA+EqMotion significantly outperforms GraphTern and
EqMotion on the two datasets under the setting of σ = 0.2
and σ = 0.4. This illustrates current state-of-the-art meth-
ods cannot well tackle the case of noisy observations. In
addition, results in Table 3 show that NATRA also outper-
forms baselines on Argoverse Dataset under the setting of
σ = 4, which further demonstrates its superiority.

However, when integrating our proposed NATRA into
these two models, the performance can be significantly im-
proved. This demonstrates the effectiveness of our method
for trajectory prediction with noisy observations, and also
highlights its compatibility with different trajectory pre-
diction models. Furthermore, NATRA outperforms the
Wavelet and EMA denoising methods, further underscoring
the superiority of our proposed approach.

Table 4. Comparison of different methods on the noisy subset of
ETH/UCY and SDD. All methods are trained and tested noisy ob-
served trajectory inputs.

Method ETH/UCY SDD(Noisy)
ADE FDE ADE FDE

GraphTern 0.48 0.66 17.92 25.87
EMA+GraphTern 0.45 0.61 16.80 23.33

Wavelet+GraphTern 0.45 0.59 16.11 22.47
NATRA+GraphTern 0.42 0.54 15.29 21.39

Performance under Different Noise Setting. We con-
duct experiments to verify the effectiveness of NATRA for
various noise settings. we added (1) Poisson noise, (2)
Mixed noise (Gaussian + Poisson), (3) Noise randomly
multiplied by δ ∈ [0.95, 1] and (4) Gaussian noise randomly
sampled from σ ∈ {0.2, 0.4}. The results are listed in Ta-
ble 5. We observe our method consistently outperforms the
baselines across various settings, which demonstrates the
effectiveness of NATRA and it is agnostic to noise distribu-
tions in principle.

Performace on Real-world Noisy Dataset. To evaluate
NATRA on real-world noise, we extract a noisy subset from
ETH/UCY and SDD dataset by performing cubic regression

3We employ these values because they present a challenge. With a
pedestrian speed of approximately 1.0 m/s [19], these noise levels corre-
spond to 20% and 40% of the speed, which significantly affects the accu-
racy of trajectory predictions.
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Table 5. Comparison of different methods under different noise
setting on the SDD dataset. The evaluation metrics are ADE and
FDE (Unit: pixels). The best results are highlighted in bold.

(a) Possion Noise (λ = 0.4).

Noise Method SDD
ADE FDE

λ = 0.4

EqMotion 14.05 19.46
Wavelet+EqMotion 12.95 17.97
EMA+EqMotion 13.15 17.58

NATRA+EqMotion 12.22 16.23

(b) Mixed noise composed of Gaussian noise (σ = 0.2) and Poisson
noise (λ = 0.2).

Noise Method SDD
ADE FDE

σ = 0.2
λ = 0.2

EqMotion 14.66 20.27
Wavelet+EqMotion 13.48 18.30
EMA+EqMotion 13.82 18.97

NATRA+EqMotion 12.96 17.09

(c) Noise randomly multiplied by δ ∈ [0.95, 1.0].

Noise Method SDD
ADE FDE

δ ∈
[0.95, 1.0]

EqMotion 17.48 19.10
Wavelet+EqMotion 16.17 18.18
EMA+EqMotion 16.25 18.38

NATRA+EqMotion 15.66 17.39

(d) Gaussian Noise sampled from σ ∈ {0.2, 0.4}.

Noise Method SDD
ADE FDE

σ ∈
{0.2, 0.4}

EqMotion 13.33 18.92
Wavelet+EqMotion 12.82 15.66
EMA+EqMotion 12.76 15.50

NATRA+EqMotion 12.28 15.15

on observed trajectories and calculating MSE between the
regressed and original trajectories. The top 10% of MSE
trajectories are selected as the noisy dataset. We conduct
experiments for comparison. Results listed in Table 4 show
that NATRA still outperforms baselines.

Ablation Studies. We conduct ablation studies on the
components of our proposed method. We utilize GraphTern
as the backbone and set σ to 0.4. The results are listed in
Table 6. When max term of LMI between denoised and
clean trajectory is employed, the performance increases, as
it makes denoised trajectories close to clean pattern. If min
term of LMI between denoised and noisy trajectories is
added, the performance further improves, as it makes the
denoised trajectory not contain noisy information. Never-
theless, since the useful information in observations may
also discarded via min term, reconstruction is needed. After
adding Lrec term, the useful information in observations are
preserved, further boost performance. Finally, we add the
ranking loss Lrank, which enables our method to achieve
the best performance. This indicates that Lrank enhances

Table 6. Ablation Studies on each component of NATRA. The best
results are highlighted in bold.

Component ETH/UCY SDD
max of
LMI

min of
LMI

Lrec Lrank ADE FDE ADE FDE

0.51 0.70 13.74 19.77
✓ 0.48 0.67 13.36 18.94
✓ ✓ 0.47 0.65 13.21 18.79
✓ ✓ ✓ 0.42 0.59 12.74 17.96
✓ ✓ ✓ ✓ 0.40 0.55 12.35 17.28

the capability of the trajectory prediction model.
Qualitative Results. We visualize the denoised ob-

servations and predicted future trajectories generated by
EWA, Wavelet, and NATRA, using GraphTern as the back-
bone. The results are shown in Figure 3. We observe that
NATRA can generate less noisy observed trajectories and
more accurate future trajectories compared to other meth-
ods. This demonstrates the proposed mutual information-
based mechanism effectively denoises the observations, and
the ranking loss aids in forecasting more precise future tra-
jectories.

a)

b)

c)

Figure 3. Visualizations of (a) EMA+GraphTern, (b)
Wavelet+GraphTern, (c) NATRA+GraphTern on the ETH/UCY
Dataset. The clean, noisy, and denoised observations are shown
in green, blue, and red, respectively. The noisy observations are
obtained through adding Gaussian noise N (0, σ = 0.4) into clean
observations. The ground-truth and predicted future trajectories
are shown in orange and cyan, respectively.

5. Conclusion
In this paper, we investigated a challenging task of trajec-
tory prediction with noisy observations. We proposed NA-
TRA, a noise-agnostic framework that simultaneously fil-
ters out noise and predicts future trajectories. To remove the
noise from the observations, we designed a denoising mech-
anism by jointly optimizing a mutual information-based and
a reconstruction loss. Moreover, we devised a ranking loss
that requires the prediction performance using denoised ob-
served trajectories to be superior to that using the original
noisy observations, thereby further improving the perfor-
mance of the model. Extensive experiments demonstrated
the effectiveness of NATRA and its compatibility with var-
ious trajectory prediction models.
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