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Abstract

Pedestrian trajectory prediction is an essential compo-
nent in a wide range of Al applications such as autonomous
driving and robotics. Existing methods usually assume the
training and testing motions follow the same pattern while
ignoring the potential distribution differences (e.g., shop-
ping mall and street). This issue results in inevitable per-
formance decrease. To address this issue, we propose a
novel Transferable Graph Neural Network (T-GNN) frame-
work, which jointly conducts trajectory prediction as well
as domain alignment in a unified framework. Specifically, a
domain-invariant GNN is proposed to explore the structural
motion knowledge where the domain-specific knowledge is
reduced. Moreover, an attention-based adaptive knowl-
edge learning module is further proposed to explore fine-
grained individual-level feature representations for knowl-
edge transfer. By this way, disparities across different tra-
Jectory domains will be better alleviated. More challeng-
ing while practical trajectory prediction experiments are
designed, and the experimental results verify the superior
performance of our proposed model. To the best of our
knowledge, our work is the pioneer which fills the gap in
benchmarks and techniques for practical pedestrian trajec-
tory prediction across different domains.

1. Introduction

Trajectory prediction aims to predict the future trajec-
tory seconds to even a minute prior from a given trajec-
tory history. It plays an indispensable role in a large num-
ber of real world applications such as autonomous driving,
robotics, navigation, video surveillance, and so on. In self-
driving scenario, accurate pedestrian trajectory prediction
is essential for planning [3,42], decision making [81], en-
vironmental perception [52, 64], person identification [40],
and anomaly detection [50, 78]. Trajectory prediction is
a challenging task. For instance, strangers tend to walk
alone trying to avoid collisions but friends tend to walk as
a group [49]. In addition, pedestrians can interact with sur-
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Figure 1. An example that reveals the limitation of original learn-
ing strategy. These two frames are extracted from two different
scenes and there is a huge difference between these trajectories.

Trajectory Domains

Metric ‘ ‘ E-D

5-D
| ETH HOTEL UNIV ZARAI ZARA2 |
NoS 70 301 947 602 921 877 383.63
NoP 181 1053 24334 2253 5833 | 24153 10073.07
AN 2586 3498 25696 3743 6333 | 2311 978
AV (m/s) | 0437 0.178 0205 0369 0206 | 0259 0.1l
AA(m/s%) | 0131 006 0035 0039 0026 | 0105  0.04

Table 1. Statistics of five different scenes, ETH, HOTEL, UNIV,
ZARA1, and ZARA2. NoS denotes the number of sequences to be
predicted, NoP denotes the number of pedestrians, AN denotes the
average number of pedestrians in each sequence, AV denotes the
average velocity of pedestrians in each sequence, and AA denotes
the average acceleration of pedestrians in each sequence. E-D rep-
resents Extreme Deviation and S-D represents Standard Deviation.

rounding objects or other pedestrians, while such interac-
tion is too complex and subtle to quantify. To consider such
interactions, a pooling layer is designed in work Social-
LSTM [1] to pass the interaction information among pedes-
trians, and then a long short-term memory (LSTM) network
is applied to predict future trajectories. Following this pat-
tern, many methods [24,38, 75,82, 86] have been proposed
for sharing information via different mechanisms, i.e., at-
tention mechanism or similarity measure. Instead of pre-
dicting one determined future trajectory, some generative
adversarial network-based (GAN) [11, 16, 21, 35, 56] and
encoder-decoder-based methods [7-9, 47, 58, 59, 74] have
been proposed to generate multiple feasible trajectories.

However, these existing methods usually focus on learn-



ing a generic motion pattern while ignoring the potential
distribution differences between the training and testing
samples. We argue that this learning strategy has some lim-
itations. Fig. 1 illustrates one basic concept. It is obvious
that the trajectories of walking pedestrians in different tra-
jectory domains are different, the trajectory in the left figure
is stable but the trajectory in the right figure is much more
tortuous. The original strategy is to learn these two samples
together without considering distribution differences, which
introduces domain-bias and disparities into the model.

In order to quantitatively and objectively evaluate the po-
tential domain gaps, Tab. 1 gives five numerical statistics of
five commonly used trajectory domains. We can observe
that the number of pedestrians in UNIV is much larger than
that in ETH, and the differences among five trajectory do-
mains are significant. As for pedestrian moving pattern,
pedestrians in ETH have the largest average moving veloc-
ity, which is nearly three times larger than that in HOTEL.
In addition, pedestrians in ETH also have the largest aver-
age moving acceleration, which is nearly five times larger
than that in ZARA2. The E-D value and S-D value also
reveal the huge differences among five different trajectory
domains. This situation is general and always exists in prac-
tical applications. For example, in vision applications, cam-
eras located in different cities/corners could lead to signif-
icant distribution gap. Similar situations are also common
in robot navigation or autonomous driving-related applica-
tions since the environments are constantly changing.

To further demonstrate this challenge, we apply
three state-of-the-art methods, Social-STGCNN [48],
SGCN [60], Tra2Tra [74] to demonstrate the performance
drop when it comes to different trajectory domains. We
take ETH as the example, these models are trained on the
validation set of ETH and evaluated on the standard testing
set of ETH. Note that there is no overlap trajectory sam-
ple between the training and testing set, but the distribu-
tions of them can be regarded as consistent. We refer to
this evaluation setting as “consistent setting” and the per-
formance under this new protocol as “updated ADE” and
“updated FDE”. Fig. 2 shows the updated ADE/FDE as
well as the original ADE/FDE reported in their papers. The
performance drops are significant which further reveal the
domain-bias problem in the original leave-one-out setting.

Domain adaptation (DA) is a subcategory of transfer
learning which aims to address the domain shift issue. The
basic idea is to minimize the distance of distributions of
source and target domains via some distance measures, such
as maximum mean discrepancy (MMD) [39, 51], correla-
tion alignment distance (CORAL) [61, 87], and adversarial
loss [17,71]. Among these methods, the feature dimension
of one sample is fixed in both source and target domain.
On the contrary, a “sample” in our task is a combination of
multiple trajectories with different pedestrians, which has
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Figure 2. Performance comparison of three state-of-the-art meth-
ods under the original leave-one-out setting and the consistent set-
ting. The performance drops of all three models are significant.

not only global domain shift but also internal correlations.
Therefore, directly utilizing the general feature representa-
tion of one “sample” results in the lack of crucial individual-
level fine-grained features. Consequently, the most popular
domain adaptation approaches are not applicable here.

In this work, we delve into the trajectory domain shift
problem and propose a transferable graph neural network
via adaptive knowledge learning. Specifically, we propose
a novel attention-based adaptive knowledge learning mod-
ule for trajectory-to-trajectory domain adaptation. In addi-
tion, a novel trajectory graph neural network is presented.
It is able to extract comprehensive spatial-temporal features
of pedestrians that enhance the domain-invariant knowledge
learning. The contributions of our work are summarized as,

e We delve into the domain shift problem across differ-
ent trajectory domains and propose a unified T-GNN
method for jointly predicting future trajectories and
adaptively learning domain-invariant knowledge.

We propose a specifically designed graph neural net-
work for extracting comprehensive spatial-temporal
feature representations. We also develop an effec-
tive attention-based adaptive knowledge learning mod-
ule to explore fine-grained individual-level transfer-
able feature representations for domain adaptation.

We introduce a brand new setting for pedestrian trajec-
tory prediction problem, which is meaningful in real
practice. We set up strong baselines for pedestrian tra-
jectory prediction under this domain-shift setting.

e Experiments on five trajectory domains verify the con-
sistent and superior performance of our method.

As it is natural to use a graph-based model to represent
the topology of social networks, recent methods [26, 36,
48,60,62,69] employ graph neural networks as their back-
bones. Different from these methods, the graph neural net-
work we employed is simple yet specifically designed not
only to extract effective spatial-temporal features but also
to be suitable for domain-invariant knowledge learning.



2. Related Works
2.1. Forecasting Pedestrian Trajectory

Forecasting pedestrian trajectory aims to predict future
locations of the target person based on his/her past locations
and surroundings. Early researches attempt to use mathe-
matical models [43] to make predictions such as Gaussian
Process [15, 29], and Markov Decision Process [31, 45].
Recently, a large number of deep learning methods have
been proposed to solve this prediction problem. In the work
Social-LSTM [1], pedestrians are modeled with Recurrent
Neural Networks (RNNs), and the hidden states of pedes-
trians are integrated via a designed pooling layer, where
human-human interaction features are shared. To improve
the quality of extracted interaction features, many recent
works [5, 24, 38, 68, 82, 84] follow this idea to pass in-
formation among pedestrians, and different effective mes-
sage passing approaches are proposed. Taking into ac-
count the uncertainty of pedestrians walking, some stud-
ies [2,11,16,32,35,56,606] utilize Generative Adversarial
Networks (GAN) to make multiple plausible predictions of
each person. In addition, different Encoder-Decoder struc-
tures [9,47,63] are also applied in this task, which are more
flexible to encode different useful context features.

Transformer structure [66] has achieved remarkable per-
formance in Natural Language Processing field [12]. Moti-
vated by this design, some studies [19,79,80] adopt it to the
trajectory prediction task and improve the overall prediction
precision. For the past two years, some works [46, 65, 83]
have been proposed to explore the goal-driven trajectory
prediction. The main idea is to estimate the end points of
trajectories for prediction guidance. In addition, some in-
teresting perspectives have been introduced into this task,
i.e., long-tail situation [44], energy-based model [53], inter-
pretable forecasting model [33], active-learning [73], and
counterfactual analysis [7]. Different from recent work [37]
that studies the problem of predicting future trajectories in
unseen cameras with only 3D simulation data, our work is
carried out under a more general and practical trajectory
prediction setting, which has more profound influences.

2.2. Graph-Involved Forecasting Models

Thanks to the powerful representation ability in non-
Euclidean space, Graph Neural Networks (GNNs) are
widely applied in the trajectory prediction task [27,67, 70,
72,76] recently. The basic idea is to treat the pedestrians
as the nodes in a graph while measuring their interactions
via graph edges. Recent works have utilized different vari-
ants of graph neural networks, e.g., edge-feature aggrega-
tion [55, 62], spatial-temporal feature extraction [26, 48],
adapted graph structure [ 18,48, 60, 85], and graph attention
method [32]. Our work also applies the graph model for
feature representations extraction. Different from the above
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methods, our model is specifically designed for effective
spatial-temporal feature representation learning as well as
trajectory domain-invariant knowledge learning.

2.3. Domain Adaptation

Recently, domain adaptation (DA) problem has attracted
considerable attention, motivating a large number of ap-
proaches [14,77] to resolve the domain shift problem. Gen-
erally speaking, it can be divided into two main categories,
one is semi-supervised DA problem, and the other is unsu-
pervised DA problem. The difference between these two
categories lies in the accessibility of target labels in the
training phase. In semi-supervised DA [22, 25, 57], only
a small number labeled target samples is accessible.

In unsupervised DA [6, 20, 28,4 1], the target domain is
totally unlabeled, which is much more challenging. In our
work, we are dealing with the unsupervised DA problem.
The majority of existing unsupervised DA methods usually
project the source and target samples into a shared feature
space, and then align their feature distributions via min-
imizing some distance measures, such as MMD [39, 51],
CORAL [61,87], or Adversarial Loss [17,71] to force their
distributions indistinguishable. As discussed above, these
methods cannot be directly applied in our work. We ad-
dress this problem by introducing an attention-based adap-
tive knowledge learning module for knowledge transfer.

3. Our Method

The overall framework of T-GNN model is illustrated
in Fig. 3. It consists of three main components: 1) a graph
neural network to extract effective spatial-temporal features
of pedestrians from both source and target trajectory do-
mains, 2) an attention-based adaptive knowledge learning
module to explore domain-invariant individual-level repre-
sentations for transfer learning, 3) a temporal prediction
module for future pedestrian trajectory predictions.

3.1. Problem Definition

Given one pedestrian i observed trajectory I
{07, ...,0 s} froni time stgp Ti to To_bs, aim to predict the
future trajectory I'¥ = {_Of)bs H,_...,.o;md} from time step
Topst1 10 Tprea, where of = (z4,y) € R? denote the co-
ordinates. Considering all the pedestrians in the scene, the
goal is to predict trajectories of all the pedestrians simul-
taneously by a model f(-) with parameter W*. Formally,

I=frhr2, .Y we), 1)
where T is the set of future trajectories of all the pedestrians,

N denotes the number of pedestrians, and W* represents
the collection of learnable parameters in the model.
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Figure 3. Flowchart of our T-GNN model. Given the source and target trajectories, we first construct corresponding successive graphs G )
and G(1), and then GCN layers are applied to extract feature representations F{,y and F(y) from these graphs. Following this, F{,) and F(y)
are forwarded through the Attention-Based Adaptive Knowledge Module to learn transferable features ¢(,) and ¢(;) for aligning the source
and target trajectory domain. Afterwards, only F{,) from source trajectory domain is utilized for future trajectory prediction via Temporal
Prediction Module. Finally, our T-GNN model jointly minimizes the prediction loss and alignment loss.

3.2. Spatial-Temporal Feature Representations

Different from traditional time series forecasting, it is
more challenging to predict pedestrian future trajectories
because of the implicit human-human interactions and their
strong temporal correlations. Therefore, extracting com-
prehensive spatial-temporal feature representations of ob-
served pedestrian trajectories becomes a key point to accu-
rately predict trajectories. In our work, considering the data
structure of trajectories, a graph neural network is first em-
ployed to extract spatial-temporal feature representations.

Before constructing the graph, coordinates of all pedes-
trians are firstly passed through one layer as,

’t 3 ]
oy =0y = 7 D_ %obs )
i=1
where N is the number of pedestrians in the scene, o', _ rep-

resents the coordinates of pedestrian ¢ at the last observed
frame T,;5. This decentralization operation is able to elimi-
nate the effects of scene size differences and is also applied
in recent works [74, 85]. We refer to o} = (2'},y'}) as the
“relative coordinates” for the following graph construction.

We define the graph G; = (Vi, Ey, F}), where V; =
{viili = 1,..., N} is the vertex set of pedestrians in the
graph, Ey = {e; ;|i,j = 1,..., N} is the edge set that in-
dicates the relationship between two pedestrians, and F
{fuili = 1,..., N} € RN*Ds is the feature matrix associ-
ated with each pedestrian vy,; (D is the feature dimension).
The topological structure of graph G, is represented by the
adjacency matrix 4, = {as; ;|i,j = 1,..,N} € RV*V,
In our case, the value of ay; ; in adjacency matrix Ay is
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initialized as the distance between pedestrian ¢ and j as,

agij = o'y — 0|2,

3)

where || * ||2 is the Lo distance, and o’} denotes the “rel-
ative coordinates” o’; = (2'},y’}) of pedestrian i at time
step t. As it should be other possible definitions of a;;; ;,
we additionally investigate and analysis other three differ-
ent definitions of a;; ;, and results indicate that using Lo
distance is more appropriate in this situation.

The value of f;.; in feature matrix F; is defined as,

Fri = o((@3,4/1); Wo), (4)

where W, € R2*Ps are projection learnable parameters,
o(+) is ReLU non-linearity activation function.

To measure the relative importance of dynamic spa-
tial relations between pedestrians, the graph attention layer
from [67] is adopted here to update the adjacency matrix
Ay. The graph attention coefficients are calculated as,

exp (¢ (Wi [ay; @ ag5)))
Zj'vzl exp (¢ (W, [at;i D at;jD)

t

Qsig =

(&)

)

where a;; € RN*1 ig it column vector in A,, W; €
R'*2N are learnable parameters, @ represents the con-
catenation that operates in the dimension of row, ¢ is
LeakyReLU non-linearity activation function with § = 0.2.
The same parameters are used here, see [67] for details.

The linear combination p,.; is thus computed according
to the obtained attention coefficients. Formally, we have,

N
Pri =0 | Y auija; (6)
i=1



With each column vector p,.; concatenated together, we
obtain the new updated adjacency matrix A, € RN*N,
which contains the information of global spatial features
of pedestrians at time step ¢. Then, the GCN layers [30]
are applied here to further extract spatial-temporal features.
Similar with [48], we first add identity matrix to /lt as,

A=A +1. 7

Then, we stack At from time step 73 to Ty,ps as A=
{Ay, Ay, . Ay} € RN*NxLobs and also stack vertex
feature matrices of the [ layer from time step 7} to Tops as
Ft(l) _ {Fl(l)’FQ(l) F(l)} e ]RNXDfXLQbs where Lops
represents the observatlon length. In addition, the stack of
node degree matrices D = {Dl,DQ, ...y Dobs } are corre-
spondingly calculated from {Al, A, ... Aobs}.

Finally, the output F(+1) ¢ RNXDfXLO"S of the (I +
1)t layer is calculated as,

FUHD) — o (D—%AD%F“)W(”) , @)
where W) are learnable parameters of the [* layer.
In our case, three cascaded GCN layers (I = 3) are

employed to extract spatial-temporal feature representa-
tions of observed trajectories. Both source and target tra-
jectories are constructed as graphs accordingly and then
fed into the parameter-shared GCN layers for feature rep-
resentation extraction. For simplicity, we denote the fi-
nal feature representations of source trajectory domain as
F) € RN™DPsxLovs and target trajectory domain as

Fuy € RN"xDsxLobs wwhere N° and N* are two different
numbers of pedestrians from source and target domains.

3.3. Attention-Based Adaptive Learning

Given the misalignment of feature representations be-
tween source and target trajectory domains, we introduce an
individual-wise attention-based adaptive knowledge learn-
ing module for transfer learning. Different from conven-
tional domain adaptation situations, where each sample has
determined category and fixed feature space. The feature
space of trajectory sample is not fixed as the numbers of
pedestrians are different in source and target trajectory do-
mains. In order to address this misalignment problem, we
propose a novel attention-based adaptive knowledge learn-
ing module to refine and effectively concentrate on the most
relevant feature space for misalignment alleviation.

For individual-wise attention, we first reformat the final
feature representations ) and F(y) as,

= |f(y), N : Dy % Los
F(S) - |:f(9)7f(9)7af(g)i| 5 fzg) cR fXLob ,

1 g2 Nt ©)
F(f) = |:f(t)7f(t)7 X3 f(t) i| )

fét) c RDfXLobs’

6524

where fés) and f'ft) correspond to the feature maps of one
pedestrian from source and target trajectory domain. Then
we reshape the feature maps f“(S) and f“(t) to the feature vec-
tor with the size of RP», where D, = Dy x Lops.
Although the feature vector keeps the spatial-temporal
information of one pedestrian, we cannot decide how repre-
sentative of one pedestrian’s feature vector is in one trajec-
tory domain. Therefore, an attention module is introduced
to learn the relative relevance between feature vectors and
trajectory domain. The attention scores are calculated as,

exp(h tanh(Wffzg)))

/B s)
(s) Z " exp(h’ tanh(Wff(s))) 10
g exp(h—r tanh(Wffzt)))
) =
ZJ Lexp(h’ tanh(Wff(t)))
where h" and W 1 are learnable parameters. Then the fi-

nal feature representations of source and target trajectory
domains ¢(5) € RP* and ¢(;) € RP" are calculated as,

N
C(s) = Z(ﬁzs)ffs)%
=1
Nt

et =D (Blnfly).

i=1

an

These two context vectors ¢,y and ¢4 correspond to the
refined individual-level representations of source and target
trajectory domains. A similarity loss L4y, for distribution
alignment is accordingly introduced as,

£align = E[c(s)Esou'rce,c(t)etarget] {dZSt (C(s)vc(t))} .
(12)
There are multiple choices for the distance function dist
such as Lo distance, MMD loss [39,51], CORAL loss [6],
871, and adversarial loss [17,71]. We explore these four
alignment measures in Sec. 4, and results indicate that Lo
distance is more appropriate. Thus, we have,

13)

Latign = ~ewll;-

1
D; |es)

3.4. Temporal Prediction Module

Instead of making predictions frame by frame, TCN [4]
layers are employed to make future trajectory predictions
based on the spatial-temporal feature representations F{)
from source trajectory domain. This prediction strategy is
able to alleviate the error accumulating problem in sequen-
tial predictions caused by RNNs. It can also avoid gradient
vanishing or reduce high computational costs [10,23]. Re-
cent works [48,60] also utilized this strategy for prediction.



Given the feature representation F ) € RY "X Dy xLobs

we pass I() through TCN layers in time dimension to ob-
tain their corresponding future trajectories. Formally, for
the [*" TCN layer, we have,

FUHY = TON(FL); W), (14)
where W,El) are leanable parameters of the {** TCN layer,
F+1) ¢ RN xDsxLprea represents the prediction output
(Lpreaq represents the length to be predicted). In our case,
three three cascaded TCN layers (I = 3) are employed to
obtain the final output which we refer to as F,) ,red-

Similar assumption is made that pedestrian coordi-
nates (z%,y:) follow a bi-variate Gaussian distribution as
(ﬁé,y;) o~ N(ﬂiv&;vﬁi)’ where ﬂ% = (ﬂmaﬂy)é _iS the
mean, 6; = (G, Gy)} is the standard deviation, and p;, is the
correlation coefficient. These parameters are determined by
passing Fiy) ,req through one linear layer as,

(ﬂ?‘,a 5757 ﬁi) = Linear(F(s),pred; Wp)a (15)
where W), are learnable parameters of this linear layer.

3.5. Objective Function

The overall objective function consists of two terms, the
prediction loss £,,.. for predicting future trajectory predic-
tion and the alignment loss L;;4y, for aligning the distribu-
tions of source and target trajectory domains. The predic-
tion loss L, is the negative log-likelihood as,

Tpred

Lore=— Y log(P((a},y)li,61,01) . (16)

t=Tops+1

Note that only samples from source trajectory domain
participate in the prediction phase. The whole model is
trained by jointly minimizing the prediction loss £,,. and
the alignment loss L4, , thus we have,

L= Lpre + )\['aligna (17)

where A is a hyper-parameter for balancing these two terms.

4. Experiments

In this section, we first present the definition of our pro-
posed new setting as well as the evaluation protocol, then
we carry out extensive evaluations on our proposed T-GNN
model under this new setting, in comparison with previous
existing methods and different domain adaptation strate-
gies. Additional evaluation results and feature visualiza-
tions are provided in the supplementary material.

Datasets. Experiments are conducted on two real-world
datasets: ETH [54] and UCY [34] as these two public
datasets are widely used in this task. ETH consists of two

scenes named ETH and HOTEL, and UCY consists of three
scenes named UNIV, ZARA1, and ZARA2.

Experimental Setting. We introduce a more general and
practical setting that treats each scene as one trajectory do-
main. The model is trained on only one domain and tested
on other four domains, respectively. Given five trajectory
domains, we have total 20 trajectory prediction tasks: A —
B/C/D/E, B — A/C/D/E, C — A/B/D/E, D — A/B/C/E, and
E — A/B/C/D, where A, B, C, D, and E represents ETH,
HOTEL, UNIV, ZARA1, and ZARA?2, respectively. This
setting is challenging because of the domain gap issue.
Evaluation Protocol. To ensure the fair comparison un-
der the new setting, existing baselines are trained with one
source trajectory domain as well as the validation set of the
target trajectory domain. Specifically, take A — B as the
example, existing baselines are trained with the training set
of A and the validation set of B, then evaluated on the test-
ing set of B. Our proposed model considers the training set
of A as the source trajectory domain and the validation set
of B as the target trajectory domain, then evaluated on the
testing set of B. Note that the validation set and the testing
set are independent of each other and there is no overlap
sample between the validation set and the testing set. In the
training phase, our proposed model only has access to the
observed trajectory from the validation set.

Baselines. Five state-of-the-art methods are compared with
our proposed method under the new setting and the eval-
uation protocol. Social-STGCNN [48], PECNet [47],
RSBG [62], SGCN [60], and Tra2Tra [74]. We also
use following four widely-used DA approaches for com-
parison. T-GNN+MMD: using the multi kernel-maximum
mean discrepancies loss [39] as L4159n, T-GNN+CORAL:
using the CORAL loss [61] as Lg1ign; T-GNN+GFK: us-
ing the kernel-based domain adaptation strategy [20], and
T-GNN+UDA: unsupervised domain adaptive graph con-
volutional network using the adversarial loss [71].
Evaluation Metrics. Following two metrics are used to for
performance evaluation. In these two metrics, Nt is the
total number of pedestrians in target trajectory domain, o
are predictions, and o} are ground-truth coordinates.

e Average Displacement Error (ADE):

Nt Tprea . .
Zi:l Zt:ﬁfbsﬂ ot — 0|2

ADFE = 18
Nt (Tpred - Tobs) ( )
¢ Final Displacement Error (FDE):
Nt . .
FDE — Zi:l Hoz)red - Ozared”Q . (19)

Nt

Implementation Details. Similar with previous baselines,
8 frames are observed and the next 12 frames are predicted.
The number of GCN layers is set as 3, the number of TCN



Method Year ‘ Performance (ADE)  (Source2Target) ‘ Ave

‘ A2B  A2C A2D A2E B2A B2C B2D B2E C2A C2B C2D C2E D2A D2B D2C D2E E2A E2B E2C E2D ‘
Social-STGCNN [48] 2020 | 1.83 1.58 130 131 3.02 138 263 158 1.16 070 082 054 104 1.05 073 047 098 1.09 074 050 | 1.22
PECNet [47] 2020 | 1.97 1.68 124 135 311 135 269 162 139 082 093 057 110 117 092 052 101 125 083 0.61 | 131
RSBG [62] 2020 | 221 1.59 148 142 318 149 272 173 123 087 1.04 060 1.19 121 080 049 1.09 137 103 0.78 | 1.38
Tra2Tra [74] 2021 | 172 1.58 127 137 332 136 267 158 116 070 085 060 1.09 107 081 052 103 1.10 075 052|125
SGCN [60] 2021 | 1.68 1.54 126 1.28 322 138 262 158 1.14 070 082 052 1.05 097 080 048 097 1.08 075 051|122
T-GNN (Ours) ‘ 113 125 094 103 254 1.08 225 141 097 054 061 023 088 078 059 032 0.87 072 0.65 0.34 ‘ 0.96

Table 2. ADE results of our T-GNN model in comparison with existing state-of-the-art baselines on 20 tasks.

“2” represents from source

domain to target domain. A, B, C, D, and E denote ETH, HOTEL, UNIV, ZARA1, and ZARA2, respectively.

Year ‘

Performance (FDE)

(Source2Target) ‘ Ave

Method
‘ A2B  A2C A2D A2E B2A B2C B2D B2E C2A C2B C2D C2E D2A D2B D2C D2E E2A E2B E2C E2D ‘

Social-STGCNN [48] 2020 | 3.24 286 253 243 516 251 486 288 230 134 174 110 221 199 141 0.88 210 205 147 1.01 |230
PECNet [47] 2020 | 333 2.83 253 245 523 248 490 286 222 132 1.68 1.2 220 205 152 088 210 1.84 145 098|229
RSBG [62] 2020 | 342 296 275 250 528 259 519 310 236 155 199 137 228 222 177 097 219 229 181 134|250
Tra2Tra [74] 2021 | 329 2.88 266 245 522 250 489 290 229 133 1.78 1.09 226 212 1.63 092 218 206 152 1.17|234
SGCN [60] 2021 | 322 281 252 240 518 247 483 285 224 132 171 1.03 223 190 148 097 210 195 152 099|229
T-GNN (Ours) ‘ 218 225 178 1.84 415 182 404 253 191 112 130 087 192 146 125 065 186 145 128 0.72 ‘ 1.82

Table 3. FDE results of our T-GNN model in comparison with existing state-of-the-art baselines on 20 tasks.

“2” represents from source

domain to target domain. A, B, C, D, and E denote ETH, HOTEL, UNIV, ZARAI1, and ZARA2, respectively.

‘ Average Performance

Method
\ ADE/FDE
T-GNN+MMD [39] 1.11/2.11
T-GNN+CORAL [87] 1.07/2.01
T-GNN+GFK [20] 1.15/2.08
T-GNN+UDA [71] 1.07/2.09
T-GNN (Ours) | 0.96/1.82

Table 4. Average performance on 20 tasks of our T-GNN model in
comparison with other four commonly used DA approaches.

Value | A=001 A=01 A=1 A=5 A=10
ADE | 119 105 096 116 131
FDE | 216 202 182 207 245

Table 5. Average performance on 20 tasks of our T-GNN model
with 5 different values of A.

layers is set as 3, and the feature dimension is set as 64. In
the training phase, the batch size is set as 16 and M is setas 1.
The whole model is trained for 200 epochs and Adam [13]
is applied as the optimizer. We set the initial learning rate
as 0.001 and change to 0.0005 after 100 epochs. In the in-
ference phase, 20 predicted trajectories are sampled and the
best amongst 20 predictions is used for evaluation.

4.1. Quantitative Analysis

Tabs. 2 and 3 show the evaluation results of 20 tasks in
comparison with five existing baselines. Tab. 4 shows the
average performance of total 20 tasks in comparison with
four existing domain adaptation approaches.

T-GNN vs Other Baselines. In general, our proposed T-
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GNN model, no matter on which task, consistently outper-
forms the other five baselines. Overall, our T-GNN model
improves by 21.31% comparing with Social-STGCNN and
SGCN models on the ADE metric, and improves by 20.52%
comparing with PCENet and SGCN models on the FDE
metric. It validates that our T-GNN model has the ability
to learn transferable knowledge from source to target tra-
jectory domain and alleviate the domain gap. As mentioned
in Sec. 4, these baselines have access to the whole validation
set of the target domain while our model only has access to
the observed trajectories from the validation set. Results in-
dicate that directly training with mixed data from different
trajectory domains is worse than with our domain-invariant
knowledge learning approach. In addition, for tasks D2E
and E2D, all the models have relatively smaller ADE and
FDE. One possible reason is that domain D (ZARA1) and
E (ZARA?2) have similar background and surroundings, in
which pedestrians may have similar moving pattern. This
phenomenon further illustrates the importance of consider-
ing the domain-shift problem in trajectory prediction task.
T-GNN vs Other DA Approaches'. Generally speaking,
our T-GNN model using L, distance as the alignment loss
achieves the best average performance. It indicates that Lo
distance is more appropriate for similarity measure in tra-
jectory prediction task. One intuitive reason is that in tra-
jectory prediction task, high-dimensional feature represen-
tations may still reserve the spatial-level information.

4.2. Ablation Study

We first study the performance of different values of A in
the objective function, and then study the contributions of

Performance of total 20 tasks and the implementation details of
T-GNN+UDA model are provided in supplementary material since T-
GNN+UDA uses an adversarial loss.



ID‘

Performance (ADE/FDE)

Variants

‘ A2B B2C C2D D2E E2A
T-GNN w/o GAL 1 1.51/2.34 1.17/1.90 0.69/1.42 0.39/0.71 0.90/1.98
T-GNN w/o AAL w/ AP 2 | 1.78/2.85 1.23/2.02 0.77/1.53 0.42/0.79 0.96/2.03
T-GNN w/o AAL w/ LL 3 | 1.81/291 1.25/2.03 0.76/1.48 0.43/0.79 0.94/2.01
Social-STGCNN-V; [48] 4 | 2.18/3.68 2.30/3.21 1.59/2.54 1.23/1.72 1.73/2.98
SGCN-V; [60] 5 | 2.03/3.53 2.35/3.22 1.68/2.71 1.12/1.59 1.81/3.02
T-GNN-V; 6 | 2.12/3.58 2.28/3.21 1.73/2.76 1.19/1.58 1.74/2.95
Social-STGCNN [48] 7 | 1.83/3.24 1.38/2.51 0.82/1.74 0.47/0.88 0.98/2.10
SGCN [60] 8 | 1.68/3.24 1.38/2.47 0.82/1.71 0.48/0.97 0.97/2.10
T-GNN-V, 9 | 1.89/3.25 1.35/2.48 0.88/1.93 0.53/0.97 0.98/2.16
T-GNN (Ours) 10 | 1.13/2.18 1.08/1.82 0.61/1.30 0.32/0.65 0.87/1.86

Table 6. Performance of different variants of T-GNN on 5 selected tasks.

each proposed component. In addition, we investigate the
functionality of our proposed adaptive learning module.
Performance Study of \. The hyper-parameter A is used
to balance the two terms in Eq. (17). Setting A too small
results in the failure of alignment, on the contrary, setting
A too large results in too heavy alignment. We set different
values to find the most suitable A\. Tab. 5 shows the average
performance on 20 tasks of our T-GNN model with five dif-
ferent values A = {0.01,0.1,1,5,10}. When we set A = 1,
our T-GNN model can achieve the best performance.
Contributions of Each Component. We evaluate follow-
ing 3 different variants of our T-GNN model on 5 selected
tasks A2B, B2C, C2D, D2E, and E2A. (1) T-GNN w/o
GAL denotes that the graph attention component defined
in Egs. (5) and (6) is removed, thus o;; ; will not be updated
during training. (2) T-GNN w/o AAL w/ AP denotes that
the attention-based adaptive learning module is replaced
with one average pooling layer, in which features F and F}
are reshaped and passed through one average pooling layer
that operates in the “sample” dimension to obtain ¢(,) and
¢(t)- (3) T-GNN w/o AAL w/ LL denotes that the attention-
based adaptive learning module is replaced with one train-
able linear layer. The results are illustrated in Tab. 6.

It can be observed from Tab. 6 that removing the graph
attention component results in the performance reduction,
which indicates the graph attention component is effec-
tive to extract relation features. Replacing our proposed
attention-based adaptive learning module with either one
average pooling layer or one trainable linear layer also re-
sults in the performance reduction, which indicates the ef-
fectiveness of our proposed adaptive learning module for
exploring the individual-level domain-invariant knowledge.
Effectiveness of Adaptive Learning. Experiments are car-
ried out to further study the effectiveness of adaptive learn-
ing module in our T-GNN model. We remove the attention-
based adaptive learning module presented in Sec. 3.3 and
disregard the alignment loss defined in Eq. (13). Thus, our
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model is trained only on the source trajectory domain and
evaluated on one novel target trajectory domain, which we
refer to as T-GNN-V;. For further comparison, two graph-
based baselines Social-STGCNN [48] and SGCN [60] are
also trained without using the validation set, which we re-
fer to as Social-STGCNN-V; and SGCN-V;. In addition,
we directly train our model with mixed samples without
domain-invariant adaptive learning module, which we refer
to as T-GNN-V5. The results are illustrated in Tab. 6.

In comparison with variants 4, 5, and 6, the results in-
dicate that the backbone of our T-GNN model is competi-
tive with these two graph-based backbones, which validates
that our T-GNN can extract effective spatial-temporal fea-
tures of observed trajectories. In comparison with variants
7,8, and 9, all three variants can achieve competitive perfor-
mance since the training data is exactly the same. In addi-
tion, these three variants all outperform variants 4, 5, and 6
correspondingly, because variants 7, 8, and 9 all have access
to the validation set of target trajectory domain. Results of
variants 7, 8, 9 and 10 validate that our proposed domain-
invariant transfer learning approach is superior to directly
training with mixed data from different trajectory domains.

5. Conclusion

In this paper, we delve into the domain shift challenge
in the pedestrian trajectory prediction task. Specifically,
a more real, practical yet challenging trajectory prediction
setting is proposed. Then we propose a unified model which
contains a Transferable Graph Neural Network for future
trajectory prediction as well as a domain-invariant knowl-
edge learning approach simultaneously. Extensive experi-
ments prove the superiority of our T-GNN model in both
future trajectory prediction and trajectory domain-shift al-
leviation. Our work is the first that studies this problem
and fills the gap in benchmarks and techniques for practical
pedestrian trajectory prediction across different domains.
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