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Abstract—Trajectory similarity measure is a fundamental
component in trajectory databases, supporting many down-
stream trajectory tasks. Existing similarity functions often exhibit
unacceptable time complexities, hampering their efficiency for
real-world scenarios. To address this limitation, learning-based
approximation techniques utilizing trajectory embeddings have
been proposed. However, creating a robust embedding model
presents challenges, including the lack of direct involvement in
the computational similarity process, adherence to non-metric
similarity spaces, and the integration of precise similarity com-
putation alignments. To address these challenges, we introduce
DTisT, a novel embedding framework that enhances trajectory
embeddings by pairwise learning from dual-trajectory input
models. DTisT not only captures the dynamics of trajectory
similarity computation through a dual-trajectory learning model
but also integrates a learnable virtual trajectory to align the
embedding space with non-metric similarity spaces effectively.
Additionally, we incorporate aligned information from actual
similarity computations into our embedding process using an
attention mask mechanism. To ensure effective learning, we adopt
a pre-train and fine-tune strategy, utilizing contrastive learning
during the pre-training stage. Extensive experiments conducted
on two real datasets demonstrate that DTisT surpasses state-
of-the-art methods, showcasing its effectiveness in trajectory
similarity embedding.

I. INTRODUCTION

Trajectory similarity computation is pivotal for most trajec-
tory analytics applications, including similar trajectory search
[1]–[3], trajectory clustering [4], [5], and trajectory anomaly
detection [6]–[8]. Furthermore, in many query operations over
a trajectory dataset, such as range queries to find all trajectories
passing through a spatial or spatio-temporal query range,
trajectory similarity search is a fundamental operator that
is non-trivial to process [9]. Numerous trajectory similarity
functions exist, such as Dynamic Time Warping (DTW) [10],
the Hausdorff distance [11], the Fréchet distance [12], and Edit
distance with Real Penalty (ERP) [13]. However, the majority
of these similarity/distance functions possess unacceptable
time complexity, rendering them inefficient for real-world
large-scale scenarios. In response, heuristic methods have been
developed, applying approximations for acceleration purposes
[14]–[16]. However, all these approaches are specifically tai-
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lored for a certain similarity metric and do not synergistically
address this challenge well.

Therefore, various learning-based approximation techniques
for trajectory similarity have been introduced. Broadly, these
methods can be categorized into Pairwise Learning and Em-
bedding Learning. Pairwise Learning approaches, such as
TMN [17], primarily accept two trajectories as input and
employ neural networks to model the similarity computation,
culminating in the derivation of a similarity value. However,
these methods overlook efficiency because they rely on the
online encoding of trajectories, which can be computationally
intensive when applied to the trajectory similarity search.
Consequently, Embedding Learning approaches, including tra-
jCL, trajGAT, Neutraj, Traj2SimVec, and T3S [18]–[22],
have garnered significant attention. These techniques strive
to develop an embedding model that transforms each single
trajectory into a vector, and then employs vector similarity
metrics, such as Euclidean distance, to measure trajectory
similarity. These vectors can be precomputed and reused, thus,
the trajectory similarity search can be efficiently accelerated
by leveraging LSH [23] or IVFPQ [24], achieving a time
complexity substantially lower than the traditional methods
[25]. However, there are still some unresolved challenges in
developing an effective single trajectory embedding model.
(C1)How to simultaneously achieve the efficiency of Em-
bedding Learning and the precision of Pairwise Learning?
Pairwise Learning methods achieve high precision by learning
and simulating similarity calculations between dual trajectory
inputs. However, they require forming pairs with every trajec-
tory in the database for retrieval, which is impractical. Em-
bedding Learning methods vectorize trajectories in advance,
needing only the given trajectory to be vectorized during
retrieval. Yet, they face a precision bottleneck due to their
limitation of single trajectory input, which hinders learning
the similarity calculation process. The challenge remains to
enable single-input embedding models to effectively simulate
similarity calculations between dual trajectories.
(C2) How can the model bridge the gap between the tra-
jectory embedding space and the similarity space? Notably,
many trajectory similarity functions do not satisfy the tri-
angle inequality, resulting in their corresponding similarity
spaces being non-metric. In contrast, the embedding space is
inherently metric. This fundamental divergence is frequently
overlooked in existing methods. As illustrated in Fig. 1, the
challenge emerges for the non-metric DTW function f(·, ·),
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Fig. 1: An Example of Triangle Inequality Issue over DTW
Similarity Space and Embedding Space.
where f(T a, T b) + f(T b, T c) < f(T a, T c). However, for
any embedding model g(·), the inequality |g(T a)− g(T b)|+
|g(T b)− g(T c)| ≥ |g(T a)− g(T c)| invariably holds.
(C3) How can the aligned information inherent in similarity
functions be effectively integrated into trajectory embedding?
Existing learning paradigms only utilize the similarity value as
a supervisory signal to train the embedding model, neglecting
the aligned information inherent in the actual trajectory sim-
ilarity computation. This neglect can result in compromised
accuracy and interoperability. To illustrate, let’s consider three
distinct trajectories: T a, T b and T c. If the training data only
provides that f(T a, T b) = f(T a, T c) for a similarity function
f(·, ·), the learned embeddings for T b and T c would be
identical, which is a flawed outcome.

To address the challenges above, we introduce a novel
framework, DTisT(using Dual Trajecrory similarity to Instruct
Single Trajectory embedding), designed to generate robust
embeddings for trajectories. First, to address C1, we introduce
an additional Pairwise Learning model named dual-T to assist
the learning of single trajectory embedding mode single-T.
In particular, dual-T accepts a pair of trajectories as input
and simulates the similarity calculation process, producing a
trajectory pair embedding. The norm value of this embedding
is trained to represent the similarity between the trajectories.
As a result, the pair embedding space in dual-T aligns
with the difference vector of the trajectory embedding space
in single-T. Therefore, we employ this pair embedding as
a supervisory signal to regulate the disparity between the
two embeddings produced by the single-T module. Through
this, we can distill the knowledge acquired by the dual-T
model during the simulation of similarity calculations into
the single-T model, thereby enhancing the effectiveness of the
Embedding Learning approach. To address C2, we introduce a
learnable virtual trajectory and pair it with the actual trajectory
as the input for single-T. Consequently, rather than directly
producing a single trajectory embedding, the single-T module
generates a pair embedding that captures the variance between
the provided trajectory and the virtual trajectory. Thus, the
difference between the trajectory embedding space and the
similarity space can be learned through this virtual trajectory.
To address C3, we integrate aligned information, such as
matched point pairs from the actual similarity calculation,
into the dual-T module. Specifically, we employ the multi-
head attention mechanism to discern the correlation between
any pair of points. Subsequently, we construct an attention
mask to selectively filter valid correlations based on this
aligned information. This attention mask serves a pivotal role,
simulating the matching process present in the actual similarity

Fig. 2: An Example of DTW Trajectory Similarity Computa-
tion and Matched Point Pairs.

computation. Furthermore, to ensure the seamless convergence
of the entire embedding model, we adopt a pre-train and fine-
tune learning strategy. Notably, we leverage contrastive learn-
ing techniques to pre-train the embedding model. This involves
asymmetrically selecting distant and proximate trajectories as
positive and negative samples, respectively.

In summary, we make the following contributions:
(1) We introduce a comprehensive framework DTisT to ef-
fectively employ the pairwise learning technique to guide
the learning of single trajectory embedding model. (Sec. III)
In particular, we seamlessly integrate aligned information
from actual similarity computations into the pairwise learning
process. (Sec. IV-B) To mitigate the triangle constraint of
embeddings, we incorporate a learnable virtual trajectory in
the trajectory embedding model. (Sec. IV-C)
(2) To improve accuracy and efficiency in long trajectory tasks,
we use a grid-based sub-trajectory aggregation method for
better trajectory representation. (Sec. II) Our adaptable base
encoder, featuring a recurrent neural network and an attention
mechanism, effectively captures both short-term and long-term
correlations within trajectories. (Sec. IV-A)
(3) Our innovative learning strategy adopts a pre-train and
finetune pipeline. Notably, during the pre-training phase, we
leverage the supervised contrastive learning, incorporating
asymmetric positive-negative example sampling, thereby bol-
stering the model’s robustness. (Sec. V)
(4) Through extensive evaluations on two real-world datasets,
our empirical results demonstrate that DTisT markedly sur-
passes existing state-of-the-art methods in trajectory similarity
embedding. (Sec. VI)

II. PRELIMINARY

In this section, we first introduce some key concepts about
trajectory and trajectory similarity. Next, we formalize the
problem of trajectory embedding for similarity computation.

A. Basic Concepts
Trajectory. A trajectory T = [p1, . . . , p|T |] is a sequence of
points obtained from GPS devices. Each point pi = (xi, yi) or
pi = (xi, yi, ti) can be a 2-dimensional or 3-dimensional tuple,
representing latitude and longitude (or time). For simplicity,
we consider points as 2-dimensional tuples in this paper
following previous work [18], [20], and it’s straightforward
to extend it to 3-dimensional tuples.
Trajectory Similarity. Given two trajectories T a =
[pa1 , . . . , p

a
|Ta|] and T b = [pb1, . . . , p

b
|T b|], the similarity be-

tween Tm and Tn is defined as the distance between
the two corresponding point sequences [pa1 , . . . , p

a
|Ta|] and
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Fig. 3: The Aggregation of Trajectory Points to Grid Nodes.
[pb1, . . . , p

b
|T b|] within a distance metric, such as DTW [10],

Hausdorff [11], LCSS [26] and Fréchet [12]. For simplicity, we
use the following DTW distance as an example of similarity
due to its widespread use in real-world scenarios.

fdtw(T
a, T b) = DTW [pa|Ta|, p

b
|T b|]

DTW [pai , p
b
j ] = dist(pai , p

b
j) +min{DTW [pai−1, p

b
j ],

DTW [pai , p
b
j−1], DTW [pai−1, p

b
j−1]}

(1)

where dist(pai , pbj) is the distance between pai and pbj which can
be the Euclidean distance or another suitable metric depending
on the point definition. Consequently, we can employ this
similarity metric to assess the distance between any pair of
trajectories. Specifically, for a given trajectory T a, if another
trajectory is proximate to T a, we designate it as a positive
trajectory, represented as T a+. Conversely, if it is distant from
T a, we label it as a negative trajectory, denoted as T a−.
Matched Point Pairs. Like Formula 1, the computation of
similarity between two trajectories can be conceptualized as
the summation of distances between specific point pairs. These
pairs are chosen from the Cartesian product of the corre-
sponding point sequences, with the objective of minimizing
the specific similarity’s cumulative distance. Additionally, it is
imperative that each point in one trajectory has a correspond-
ing matched point in the other trajectory. These chosen pairs
are termed matched point pairs. Specifically, the Hausdorff
distance is calculated by selecting the maximum distance from
a set of matched point pairs, where each matched pair consists
of a point from one trajectory and its closest point from another
trajectory.

Example 1: As depicted in Fig. 2, consider two trajectories
T a = [pa1 , . . . , p

a
6 ] and T b = [pb1, . . . , p

b
5]. The initial step

involves computing the distance for each pair (pai , p
b
j) where

1 ≤ i ≤ 6 and 1 ≤ j ≤ 5, derived from the Cartesian product.
Subsequently, an accumulated distance matrix is recursively
constructed. The value at the matrix element (i, j) is equivalent
to the similarity fdtw(T

a−(|Ta|−i), T b−(|T b|−j)). The optimal
warping route can then be traced within this matrix, com-
mencing from the terminal matched pair (pa6 , p

b
5). Specifically,

the final matched pairs along this route, illustrated using
yellow lines, are represented as ppdtw(T

a, T b) = {(pa1 , pb1),
(pa2 , p

b
2), (p

a
3 , p

b
3), (p

a
4 , p

b
4), (p

a
5 , p

b
5), (p

a
6 , p

b
5)}.

Trajectory Grid Node. Consider a trajectory database, de-
noted as T , comprising trajectories situated on a map GT . As
illustrated in Fig. 3, we partition GT into uniform grids, each
characterized by identical horizontal spacing ∆H and vertical
spacing ∆V . Referring to Fig. 3, for a given trajectory T , when
successive points reside within the same grid, we categorize
these points as a trajectory grid node(namely a sub-trajectory),

represented as n. This implies that the trajectory T can be
substituted with the grid node sequence [n1, . . . , nL], where
L denotes the count of nodes in trajectory T . Furthermore,
the node ni symbolizes a series of contiguous points situated
within the pertinent grid. To elaborate, the node ni can be
expressed as the point subsequence [phi

, phi+1, . . . , phi+li−1],
where li represents the quantity of points. The relationships
hi+1 = hi + li ensures that nodes remain sequentially con-
nected in the original trajectory, adhering to the point order.
Matched Node Pairs. Similarly, the aforementioned matched
point pairs can be aggregated into node pairs in the same
manner by grid cells. Formally, given two trajectories (i.e.,
T a and T b) and their matched point pairs pp(T a, T b), we can
extract the corresponding matched node pairs np(T a, T b) as
outlined below:

np(T a, T b) = {(na, nb) | ∀na ∈ T a,∀nb ∈ T b,
∃pa ∈ na, ∃pb ∈ nb, (pa, pb) ∈ pp(T a, T b)} (2)

In addition, we can calculate the number of corresponding
point pairs for each matched node pair (na, nb) as below:

P(na,nb) =
∣∣∣{(pa, pb) | ∀pa ∈ na, ∀pb ∈ nb, (pa, pb) ∈ pp(T a, T b)}

∣∣∣
Example 2: Referring to Fig. 3, consider two trajecto-

ries: T a = [pa1 , . . . , p
a
7 ] and T b = [pb1, . . . , p

b
5]. When

partitioned into grid cells using the specified ∆H and ∆V

distances, these trajectories can be equivalently represented
as T a = [na

1 , n
a
2 , n

a
3 ] and T b = [nb

1, n
b
2, n

b
3], respectively.

Given the matched point pairs, illustrated by yellow lines, as
pp(T a, T b) = {(pa1 , pb1), (pa2 , pb2), (pa3 , pb3), (pa4 , pb4), (pa5 , pb4),
(pa6 , p

b
5), (p

a
7 , p

b
5)}, we can deduce the corresponding matched

node pairs as np(T a, T b) = {(na
1 , n

b
1), (na

1 , n
b
2), (na

2 , n
b
3),

(na
3 , n

b
3)}. These pairs are distinctly highlighted by the bold

black lines in the bottom right subplot of the figure. Fur-
thermore, the associated node-pair values, represented by the
grayscale intensity of these bold black lines, are given by:
P(na

1 ,n
b
1) = 2, P(na

1 ,n
b
2) = 1, P(na

2 ,n
b
3) = 3, and P(na

3 ,n
b
3) = 1.

B. Problem Formulation
Trajectory Embedding. The concept of trajectory embed-

ding pertains to an encoding function, g(·), which maps a
trajectory T to a d-dimensional vector, represented as e =
g(T ) ∈ Rd. Distinct from conventional embedding challenges,
the primary objective of trajectory embedding is to devise an
encoder model such that the Euclidean distance of embeddings√
||ea − eb||2 closely approximates the provided trajectory

similarity measure, such as fdtw(T
a, T b). This task is also

referred to as trajectory embedding for similarity computation.
Definition 1 (Trajectory Embedding for Similarity Compu-

tation): Given a trajectory database T = {T 1, T 2, ..., TN}
containing N trajectories, and a trajectory similarity metric
f(·, ·), our objective is to learn an embedding model, gθ(·),
such that the discrepancy between the Euclidean distance of
the embeddings and the actual similarity f(T i, T j) for any pair
of trajectories is minimized. The formulation is as follows:

argminθ

∑
1≤i,j≤N

∣∣√||gθ(T i)− gθ(T j)||2 − f(T i, T j)
∣∣

III. AN OVERVIEW OF SOLUTION FRAMEWORK
Fig. 4 illustrates the framework of our proposed model

DTisT. We will first introduce the framework architecture and
then explain the pipeline of model training and inference.
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Fig. 4: The Architecture Overview of DTisT.

A. Framework Architecture
In terms of architecture, DTisT contains three modules:
1) The first part, denoted asMb, embodies the adaptable base
encoder module. Its primary objective is to transform each
trajectory T from a point embedding sequence into a node
embedding sequence o. This transformation takes into account
short-term and long-term sequential correlations within the
point sequence and the grid node sequence, respectively. In
particular, this module integrates two sequential encoding
models: the GRU (an RNN model adept at capturing short-
term correlations at the point level) and the Transformer
Encoder (an attention-based model designed to grasp long-
term correlations at the grid node level). As a result, the length
of the node embedding sequence o aligns with the number
of grids the trajectory T traverses. This is considerably more
compact than the point sequence, enhancing the efficiency of
subsequent embedding processes.
2) The second part, denoted as single-T Ms, aims to covert
the node embedding sequence o of each trajectory T into a
final embedding vector e.
3) The third part, denoted as dual-T Md, is designed to in-
tegrate the aligned information, thereby directing the learning
process of the second module. Specifically, dual-T ingests the
intermediate node embedding sequences of a pair of trajecto-
ries and subsequently produces the pair embedding, denoted
as ê. The norm of this embedding serves as a representation
of their similarity. In essence, this pair embedding can be
employed to steer the trajectory embedding learning. This is
achieved by minimizing the discrepancy between the vector
êa−b and the difference vector ea − eb for the trajectories T a

and T b.

B. The Pipeline of Model Training and Inference
As illustrated in Fig. 4, the training approach aims to train

all three modules within a two-phase pipeline that includes a
pre-training phase and a fine-tuning phase. During inference,
only the modules Mb and Ms are used.
Pre-training. It’s imperative to note that our ultimate objective
is to harness the learned models, Mb and Ms, to effectively
embed each trajectory into a meaningful vector. To prime
the parameters of these modules optimally, we initiate their
training with a contrastive learning paradigm. Specifically,
we craft a novel sampling technique to select positive and
negative trajectories, represented as T a+/−, to serve as pre-
training examples for any given trajectory T a. Fundamentally,
we employ the pre-training loss, LNCE , to ensure that the

Fig. 5: The architecture of Adaptable Base Encoder.

embedding model adheres to the constraint: the similarity
between the generated embedding of T a and its positive
counterpart T a+ should surpass that of its negative counterpart
T a−. Consequently, these pre-trained modules are enhanced to
capture the ability to discriminate remoteness and proximity.
For the sake of convenience, we use ∗a+/− to denote ∗a+ or
∗a− (∗ indicates T , o, e or ê) if there is no ambiguity in the
following sections.
Fine-tuning. Directly fine-tuning both embedding modules
simultaneously can lead to instability. To address this, we seg-
ment the fine-tuning stage into two distinct training branches:
dual-training and single-training. Firstly, we utilize the same
training data as the pre-training phase, where each trajectory
is processed through the module Mb, resulting in the gen-
eration of a corresponding node embedding sequence for the
trajectory. In the dual-training branch, we input pairs of node
embedding sequences (specifically, the positive or negative
pairs (oa, oa+/−)) into the dual-T module Md, producing
the pair embedding denoted as êa+/−. We then compute the
discrepancy between the norm value of the pair embedding
and the actual similarity, represented by f(T a, T a+/−). The
modules Mb and Md are fine-tuned by minimizing this
discrepancy, which we term the dual-T loss Ld. Conversely,
in the single-training branch, the modules Mb and Ms are
employed to generate two distinct embeddings for the trajec-
tories in a given pair (e.g., (ea, ea+/−) for the positive/negative
pair). The difference between these embeddings, ea − ea+/−,
serves as the pair embedding, with its norm value interpreted
as the similarity between the trajectories in the pair. We
optimize the modules by minimizing the difference between
|ea − ea+/−| and the actual similarity f(T a, T a+/−). This is
referred to as the single-T loss Ls. Furthermore, to integrate
the aligned information between trajectories in a pair, we keep
the dual-T module parameters constant and use its output, the
pair embedding êa+/−, as a guiding signal for the single-T
module’s training. Specifically, we introduce the instruction
loss Ln to minimize the difference between ea − ea+/− and
êa+/−, further constraining the learning of the modules Mb

and Ms.
Inference. Only the modules Ms and Mb are used in the
inference pipeline. The trajectory T a is encoded by Mb into
a sequence of node embeddings o, which is then processed
by Ms to produce the final trajectory embedding ea. Conse-
quently, during inference, DTisT operates as a single trajectory
embedding method, ensuring that the online similar retrieval
process excludes encoding trajectories, thus maintaining a
consistent retrieval time complexity.
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IV. MODEL STRUCTURE

In this section, we elucidate how we bring the previously
discussed motivations to design distinct modules, including
the adaptable base encoder moduleMb (Sec. IV-A), the dual-
trajectory embedding module Md (Sec. IV-B) and the single-
trajectory embedding module Ms (Sec. IV-C).

A. Adaptable Base Encoder
This module seamlessly integrates point-level and

trajectory-level granularity using grid node embedding,
effectively linking short-term and long-term perspectives.
To alleviate the challenges posed by trajectory length
adaptation and inefficient memory utilization, we survey
several canonical seq2vec architectures, including RNN-link
and Transformer. Our findings illuminated that RNN-based
architectures perform better for shorter trajectories, whereas
the Transformer displays contrasting behavior, favoring longer
trajectories. Consequently, we strategically employed the
RNN-like network, GRU, for short-term sequence perceptions
and harnessed the Transformer encoder for long-term
sequence apprehensions. As illustrated in Fig. 5, the entire
module unfolds in a tripartite progression: initial short-term
perception, followed by node filtering, culminating in the
long-term perception phase.
Short-term Perception. Given the original trajectory T a =
[pa1 , . . . , p

a
|Ta|], we leverage the GRU model to accumulate

sequential point information into the hidden sequence xpa =
[xpa

1
, xpa

2
, ..., xpa

|Ta|
]. Consequently, this hidden content x

is able to aggregate short-term prefix points at each trajectory
point. This capability establishes a foundational framework for
the grid-level aggregation characteristic of the Node Filter.
Node Filter. In this step, our objective is to derive hidden
representations for the grid node sequence [na

1 , . . . , n
a
L] cor-

responding to the provided trajectory T a using the hidden
sequence xpa . Given the defined properties of a trajectory
grid node, each node na

i encompasses the point subsequence
[phi

, . . . , phi+li−1]. To represent the sequence effectively, we
capitalize on the forgetting mechanism inherent to the GRU
network. Specifically, we designate the final point within
each grid cell as the representative node for its respective
grid sequence segment. Hence, xpa

hi+li−1
can be utilized to

depict the hidden representation xna
i

of node na
i , that is

xna
i
= xpa

hi+li−1
. Consequently, this allows us to derive the

associated node hidden sequence xna = [xna
1
, xna

2
, ..., xna

L
],

where L, significantly smaller than |T a|, indicates the count
of grid nodes traversed by T a.
Long-term Perception. To further encode the hidden se-
quence xna , our aim is to discern the long-term correlations
throughout the entire trajectory. Drawing inspiration from the
study presented in [27], we incorporate the attention mecha-
nism by deploying the Transformer encoder to transition the
sequence xna to oa. This facilitates the collation of trajectory
information at the grid level, aligning points of varying density
distributions within the trajectory to uniform granularity.

Remark. For a comprehensive formulation of the adaptable
base encoder, please refer to our technical report [28], which

Fig. 6: The Architecture of Dual-Trajectory Embedding.

includes detailed descriptions of the processes involved in both
short-term and long-term perception.

B. Dual-Trajectory Embedding
As delineated in Fig. 6, the dual trajectory embedding

module unfolds in two sequential encoding phases, with both
leveraging the capabilities of the Transformer Encoder. In
the initial phase, termed the node-pair supervised matching
encoder, we prioritize aligned information by integrating the
node-pair mask into the attention mechanism. Subsequently, in
the phase denominated as the logical difference aggregator, a
specialized token is introduced. This facilitates the aggregation
of the node embedding sequence, culminating in the coherent
embedding difference, represented as êa−b.
Node-pair Supervised Matching Encoder. Given the input
pair (oa, ob), this module generates a node-pair accumulated
sequence ôa−b supervised by the ground truth of aligned
node-pairs. Actually, the attention network of the Transformer
Encoder is naturally suitable for simulating a matching mech-
anism. To harness this network architecture, we commence by
concatenating the two trajectories (oa, ob) to yield a unified
node sequence represented as oa−b = oa ⊕ ob, where ⊕ sym-
bolizes the sequence concatenation operation. Subsequently,
we design a mapping function, transitioning from node-pair
information to the attention mask as follows:

Maska−b
(i,j) =

Wm · P(na
i ,n

b
j−La ) + bm i ≤ La, j > La

Wm · P(na
i−La ,nb

j) + bm i > La, j ≤ La

Wm · 0 + bm else
where both Wm and bm are learnable parameters, and

play a pivotal role in discerning the significance of varying
node pairs within the attention-mask matrix. Notably, bm
is initialized to an extremely large negative value, which
ensures that responses from irrelevant nodes during attention
are effectively masked, while simultaneously emphasizing
node-pairs with a higher number of point-pairs to receive
proportionally greater attention. As a result, we get the mask
matrix Maska−b ∈ R(La+Lb)×(La+Lb), which is then applied
to compute the attention score as follows:

AttHh

oa−b(i) =
∑

j σ

(
WHh

Q
oa−b
i ·WHh

K
oa−b
j +Maska−b

(i,j)√
d

)
WHh

V oa−b
j

where WHh

Q ,WHh

K ,WHh

V ∈ R(d/Hh)×d denote the parame-
ter matrices associated with Self-Attention. Additionally, Hh

indicates the h-th head within this multi-head self-attention
architecture. The function σ signifies the activation function,
while oa−b

i ∈ Rd represents the vector corresponding to
the i-th node within the concatenated trajectory oa−b. The
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Fig. 7: An Example of Single and Dual Embeddings.
subsequent stages align with standard practices in Transformer
Encoder, and can be summarized as follows:
ôa−b = LayerNorm

((
AttH1

oa−b ⊕ ...⊕Att
Hh

oa−b

)
WM + oa−b

)
ōa−b = ReLU(WF · ôa−b + bF )

ôa−b = LayerNorm(ōa−b + ôa−b)

Logical Difference Aggregator. The main task of the latter
Encoder is to convert the output sequence ôa−b into a vector,
the embedding logical difference êa−b. Following the seq2vec
approach in NLP tasks, we introduce a learnable special token
vd ∈ R1×d to aggregate the information of the entire node-
pair accumulated sequence at a token position, ultimately
outputting the embedding vector for the two trajectories. To
be brief:

êa−b = TransformerEncoder(ôa−b ⊕ vd)[−1]
where ⊕ represents the concatenation operator of the token

and sequence. [−1] represents the last token in the resulting
sequence, which corresponds to the position of vd.
C. Single-Trajectory Embedding

Given an intermediate result of a single trajectory, denoted
as oa, its corresponding real trajectory embedding, ea, is
derived. It’s worth noting that the network architecture of
the single-T model aligns with that of the dual-T model. To
achieve this goal, we introduce a synthetic trajectory, denoted
as t, to emulate the trajectory matching process. Actually, this
virtual trajectory which serves as single-T’s trainable parame-
ter, acts as a heuristic intermediate representation, facilitating
the activation of high-priority nodes from the viewpoint of
the whole trajectory database. During initialization, we set the
sequence length of t to match that of the longest trajectory
(t ∈ Rmax(|T |)×d). Subsequently, it is truncated to mirror the
length of oa and concatenated with oa, as given by:

oa−t = oa ⊕ t[ : La] (3)
To enable this virtual trajectory to proactively provide

discriminative results during attention activation, especially
at pivotal input nodes, and to facilitate the extraction of
salient nodes from the input trajectory oa, we define the node-
pair relation and its corresponding fabricated mask matrix
Maska−t as follows:

Maska−t(i, j) =

{
Wm · 1 + bm, if i = j + La or i+ La = j,

Wm · 0 + bm, otherwise.
(4)

Here, Maska−t ∈ R2La×2La

represents the attention mask
for the concatenated input and trainable trajectories. These are
aligned in the order of their respective trajectory nodes, with
each node on oa paired with its counterpart on t. Similarly,
we can get the pair embedding êa−t as bellow:

ôa−t = TransformerEncoder(oa−t, Maska−t)

êa−t = TransformerEncoder(ôa−t ⊕ vs)[−1]
(5)

where vs ∈ R1×d denotes a special token, aggregating the
information of the entire trajectory. To this end, the pair

embedding can be regarded as the single trajectory embedding,
which is denoted as ea = êa−t.
Discussion. As illustrated in Fig. 7, both single embedding and
dual embedding space are congruent, stemming from the anal-
ogous architecture of the single-T and dual-T models. Con-
sequently, the supervisory signal, denoted as êa−b, optimally
directs the learning processes of êa−t and êb−t. This alignment
is captured by the relation êa−b = êa−t−êb−t within the shared
embedding space. Notably, the variable-length truncation of t
introduces slight differences in êa−t and êb−t, relaxing the
strict transitive relations among trajectory embeddings, which
in turn eases the triangle inequality constraints.

V. MODEL LEARNING

In this section, we elaborate on the details of learning the
whole model. Initially, we introduce an innovative sampling
technique tailored to generate training data (Sec. V-A). Sub-
sequently, our attention shifts to the design of the contrastive
learning loss, denoted as LNCE , which is pivotal during the
pre-training phase (Sec. V-B). Lastly, we elucidate the various
loss functions (i.e., Ls, Ld and Ln,) employed during the fine-
tuning phase (Sec. V-C).

A. Positive-Negative Divergent Sampling
Prior research, such as trajCL [18] and trajGAT [19],

has shown that sampling both positive and negative trajectory
pairs is crucial for optimizing the trajectory embedding model.
Notably, traditional contrastive methods in trajectory, such
as [18], [29], predominantly utilize data augmentation to
derive positive or negative contrastive samples, introducing
potential noise into the data. Differing from these methods,
our approach leverages a asymmetrically designated similarity
function to discern distant/near trajectories within the database.
This method allows us to innately source trajectories based
on their inherent similarity metrics, designating them as pos-
itive or negative training pairs. Consequently, our sampling
procedure can be divided into S(T a, T , f) = S+(T a, T , f)+
S−(T a, T , f), where S+(·) and S−(·) denote the sampling
for positive and negative pairs, respectively.
Sampling Positive Trajectory Pairs. Given that each tra-
jectory T a, firstly we randomly sampled m trajectories from
the database T to construct a subset T a, in order to visit all
different trajectories. Then we select the η most similar pairs
as positive samples. This can be mathematically denoted as:

S+(T a, T , f) = sort
({

T i : f(T a, T i)|T i ∈ T a
})

[: η] (6)
This approach is grounded in the understanding that the
most similar pairs can pose challenges in differentiation. By
incorporating these challenging examples into the training
data, we aim to bolster the model’s discriminative capabilities.
Sampling Negative Trajectory Pairs. An intuitive method is
to select the η most dissimilar pairs as negative samples from
its subset T a. However, this strategy would cause the model to
focus excessively on distinct parts of trajectories, resulting in
insufficient model robustness. To address this issue, we sample
η negative samples based on the probability from the rest part
of its positive sampling, which can be formulated as follows:
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S−(T a, T , f) =
{
T i|T i ∼ paf (T

i), T i ∈ T a
∗ , 1 ≤ i ≤ η

}
paf (T

i) = f(T i, T a)/
∑

T j∈T a
∗
f(T j , T a)

T a
∗ = T a − S+(T a, T , f)

(7)

where the probability paf (T
i) used in this sampling process

is a normalization of the similarity value f(T i, T a) with the
anchor trajectory, allowing trajectories further from the anchor
to have a higher probability of being selected as negative
trajectories. To facilitate understanding, we have included an
example of a negative sample in our technical report [28].

As a result, we get η positive pairs and η negative
pairs for each trajectory T a, and denote them as T+

a =
{T a+

1 , T a+
2 , ..., T a+

η } and T−
a = {T a−

1 , T a−
2 , ..., T a−

η } respec-
tively. Similarly, the associated single embeddings can be
denoted as e+a = {ea+1 , ..., ea+η } and e−a = {ea−1 , ..., ea−η },
and the associated dual embeddings can be denoted as ê+a =
{êa+1 , ..., êa+η } and ê−a = {êa−1 , ..., êa−η }. Notably, the elements
in e+a and ê+a should be sorted in ascending order based on the
similarity distance f(·, ·) corresponding to T a and trajectories
in T+

a which means similar ones should be closer to the front.
e−a and ê−a should be sorted in descending order which means
dissimilar ones should be closer to the front.
B. Pre-Training Loss

Following previous contrastive learning research, we utilize
InfoNCE [30], [31] as the loss function. The objective is to
maximize the compactness between ea and e+a and maximize
the separation between ea and e−a , making similar trajectories
closer in semantics and dissimilar trajectories further apart.
The loss La

NCE for T a is defined as follows:

La
NCE = −

η∑
i=1

log
exp

(
cos(ea,ea+

i )

τ

)
exp

(
cos(ea,ea+

i )

τ

)
+

∑η
j=1 exp

(
cos(ea,ea−

j )

τ

) (8)

where cos(·, ·) is the cosine similarity function and τ is the
temperature parameter that controls the contribution of the
negative samples [32], and exp(·) represents the exponential
function.
C. Fine-Tuning Losses

Initially, given the ground truth f(T a, T a+/−), we utilize
the loss Ls or the loss Ld to gauge the disparity between the
ground truth and the estimated result of the single-T model or
the dual-T model. Notably, both losses adhere to a consistent
format termed the index weighted embedding loss. Regarding
the instruction loss Ln, its primary function is to assess
the discrepancy between the outputs of the two embedding
models.
Index Weighted Embedding Loss. Different samples may
possess varying degrees of significance during model learning.
To address this, we assign weights to trajectory pairs based
on their similarity. Specifically, for a given trajectory T a,
positive trajectories (T+

a ) in close proximity to T a and negative
trajectories (T−

a ) at a greater distance from T a should exert
a higher influence and hence receive larger weights. Given
the pre-existing order in T+

a and T−
a , we define the weight

for the i-th pair, either (T a, T a+
i ) or (T a, T a−

i ), using its
corresponding index as:

ωi =
η − i+ 1∑η

q=1(η − q + 1)
=

2(η − i+ 1)

η(η + 1)
(9)

Algorithm 1: Model Learning for DTisT
Input: trajectory database T , similarity metric f ,

sampling function S, pre-training epoch Ip,
training epoch I , modules (Mb, Ms, Md),
and their corresponding parameters (θb, θs, θd).

Output: best model parameters θ∗b , θ∗s .
1 for i← 1 · · · Ip do

// the pre-training phase
2 [T a,Ta+,Ta−]← S(T , f);
3 [oa, oa+, oa−]←Mb([T

a,Ta+,Ta−]) ;
4 [ea, ea+, ea−]←Ms([o

a, oa+, oa−]) ;
5 using Formula 8 to compute La

NCE for each T a;
6 θb, θs ← BP(

∑
a La

NCE)

7 for i← 1 · · · I do
// the fine-tuning phase

8 [T a,Ta+,Ta−]← S(T , f);
9 [oa, oa+, oa−]←Mb([T

a,Ta+,Ta−]) ;
10 [ea, ea+, ea−]←Ms([o

a, oa+, oa−]) ;
11 [̂ea+], [̂ea−]←Md([o

a, oa+]),Md([o
a, oa−]) ;

12 using Formula 10,11,13 to compute La
s ,La

d,La
n;

13 while
∑

a La
d > γ

∑
a La

s do
14 θd ← BP(

∑
a La

d);

15 θb, θs ← BP(
∑

a La
s +

∑
a La

n);

Next, we can leverage these weights to compute the single-T
loss La

s and the dual-T loss La
d for the given trajectory T a.

(1) Computing La
s . Initially, we employ the function 1

exp(·) to
normalize all distances, mitigating the effects of significant
distance variance. Subsequently, the squared error is used
to ascertain the loss. Furthermore, to augment the model’s
proficiency in distinguishing between distances of negative
trajectory pairs, the ReLU(·) function is utilized. This ensures
that the estimated distance between T a and any negative
trajectory T a−

i surpasses the ground truth value f(T a, T a−
i ).

Consequently, the single-T loss La
s for trajectory T a can be

expressed as:
La

s = La+
s + La−

s

La+
s =

η∑
i=1

ωi(
1

exp(
√

||ea − ea+i ||2)
− 1

exp(f(T a, T a+
i ))

)2

La−
s =

η∑
i=1

ωi(ReLU(
1

exp(
√

||ea − ea−i ||2)
− 1

exp(f(T a, T a−
i ))

))2

(10)

(2) Computing La
d. We use the norm value of the pair

embedding êa+/− to measure the distance between T a and
T a+/−. Similarly, the dual-T loss La

d for trajectory T a could
be formulated as follows:

La
d = La+

d + La−
d

La+
d =

η∑
i=1

ωi(
1

exp(
√

||êa+i ||2)
− 1

exp(f(T a, T a+
i ))

)2

La−
d =

η∑
i=1

ωi(ReLU(
1

exp(
√

||êa−i ||2)
− 1

exp(f(T a, T a−
i ))

))2

(11)

Instruction Loss. For illustrative purposes and without loss
of generality, we use positive trajectory pairs to elucidate
the concept of the instruction loss. Given a positive pair
(T a, T a+

i ), the intent behind this loss is to harness the differ-
ence embedding êa+i , as produced by the high-precision dual-T
model, to calibrate the actual embedding difference (ea−ea+i )
derived from the single-T model. To achieve this goal, we first
propose the metric D∗ = λDMSE+(1−λ)Dcos to evaluate the
vector difference, where DMSE(α, β) = (α − β)2 is used to
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TABLE I: Trajectory Dataset
Dataset Porto Chengdu
Trajectories 1.49M 5.22M
Points 80.53M 1.05B
Longitude Range 13.89W-6.06W 104.04E-104.13E
Latitude Range 39.12N-41.94N 30.65N-30.72N
#Avg. of Trajectory Points 54.05 202.01
#Max. of Trajectory Points 3881 6801
#Std. of Trajectory Points 44.35 138.79

measure the vector norm difference, and Dcos(α, β) =
α·β

∥α∥·∥β∥
is used to measure the vector direction difference, and λ is a
hyperparameter controlling each contribution. In addition, we
propose an enhanced weight ϵi for each pair (T a, T a+

i ) as
follows: ϵi = ωi × §(ea − ea+i )× I[§(ea − ea+i ) > §(êa+i )]

§(ea − ea+i ) = (
1

exp(
√

||ea − ea+i ||2)
− 1

exp(f(T a, T a+
i ))

)2

§(êa+i ) = (
1

exp(
√

||êa+i ||2)
− 1

exp(f(T a, T a+
i ))

)2

(12)

where ωi is defined in Formula 9, §(∗) measures the distance
between the actual similarity and the corresponding vector’s
norm, and I[·] is Iverson Bracket [33], outputting 1 if the
condition within the brackets is satisfied, and 0 otherwise. For
instance, should the condition §(ea − ea+i ) > §(êa+i ) hold, it
signifies that the dual-T model yields a superior embedding
for T a+

i . Consequently, this necessitates the activation of
ϵi, thereby permitting the dual-T to instruct and enhance
the single-T. Conversely, in scenarios where the single-T
is outperformed by the dual-T, the application of I[·] to
adjust its value to 0 becomes imperative. Then, we can get
the instruction loss La+

n for the positive trajectory pair as
La+
n =

∑η
i=0 ϵiD∗

(
(ea − ea+i ), êa+i

)
. Similarly, we can use

the same method to obtain La−
n for the negative trajectory

pair as La−
n =

∑η
i=0 ϵiD∗

(
(ea − ea−i ), êa−i

)
. At last, we can

derive the total instruction loss as follows:
La

n= La−
n + La+

n (13)
To this end, we illustrate the whole pre-training and fine-

tuning process in Algorithm 1.

VI. EXPERIMENTS
In this section, we evaluate the effectiveness, efficiency,

scalability, and discrimination ability of our model DTisT.
A. Experimental Setup
Dataset: Our experimental evaluations are conducted utiliz-
ing two publicly available trajectory datasets collected from
distinct cities: Porto [34] and Chengdu [35]. Employing the
preprocessing methodology outlined in [20], we obtain the
refined dataset, the specifics of which are summarized in Table
I. For each dataset, we randomly split these data into 3 parts
by 6:2:2 for training, validation, and testing.
Baseline methods: We compare our model with four trajectory
similarity embedding methods:

(1) trajCL [18] incorporates contrastive learning into tra-
jectory similarity embedding, performing contrastive learning
pre-training by constructing contrastive learning samples with
several trajectory augmentation methods. In particular, we use
the version with the best performance, where all layers of the
encoder are fine-tuned.

Fig. 8: Hyper-parameters vs. Top-K Accuracy on Porto.
(2) trajGAT [19] constructs a quadtree for trajectories,

transforming the sequence problem into a graph problem, and
embeds the trajectories using Graph Attention Networks.

(3) Neutraj [20] builds a massive information matrix based
on the spatial arrangement of all points, and constructs an
RNN network with an attention mechanism based on neigh-
boring points.

(4) T3S [21] decouples the attention mechanism of the
information matrix mentioned above from the RNN network,
and separately aggregates the trajectories after pooling at the
point level and processing with LSTM at the sequence level.

(5) Traj2SimVec [22] utilizes the RNN network to encode
trajectory information and leverages the similarity information
between sub-trajectories to aid the similarity training process,
thereby enhancing the accuracy of similarity calculations.
Evaluation Metrics. We utilize four prominent trajectory
distance functions: DTW [10], Fréchet [12], ERP [13], and
Hausdorff [11], to calculate the ground truth similarity. To
ensure a fair comparison, we adhere to the evaluation method-
ology established in prior studies such as [17]–[21], involving
top-K similarity search. The evaluation employs key metrics,
namely HR-5, HR-10, HR-50, R1@5 and R10@50. HR-K
represents the top-K hitting rate, signifying the proportion
of overlap between ground truth top-K and learned top-K.
RK1@K2 denotes the recall of learned top-K2 for the top-
K1 ground truth. Unless otherwise stated, the accuracy values
mentioned in this section are expressed as percentages, where
higher values indicate superior performance.
Environment settings. All methods are implemented using
the PyTorch framework and optimized using Adam [36]. The
computational platform run on Ubuntu 18.04.6 OS, employing
an Intel Xeon Silver 4216 CPU and an NVIDIA A40 GPU.
B. Settings of Important Hyper-parameters

We primarily measure the following three aspects of hyper-
parameters: (1) Model-related parameters, including the di-
mension of embedding d and the network layer N ; (2)
Hyper-parameters related to model learning, such as several
learning rates during the training process(lrNCE : LNCE , lr

d :
Ld, lr

s+n : Ln + Ls), the performance threshold γ that the
dual-T model needs to achieve before entering the instruction
phase, as well as the ratio λ between the MSE Loss and cosine
similarity Loss in Ln; (3) Data-related parameters, such as the
granularity of grid-cell division ∆H and ∆V , and the count of
sampled distant and nearby trajectories considered for a given
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TABLE II: Accuracy Performance Comparison with Different Similarity Measures.

Dataset Method
DTW Fréchet ERP Hausdorff

HR-5 HR-10 HR-50 R1@5 R10@50 HR-5 HR-10 HR-50 R1@5 R10@50 HR-5 HR-10 HR-50 R1@5 R10@50 HR-5 HR-10 HR-50 R1@5 R10@50

Porto

trajCL 29.43 32.80 35.78 40.18 55.91 40.91 45.30 61.30 64.62 88.44 15.74 22.27 35.31 25.88 52.28 23.06 27.30 28.52 30.77 48.67
trajGAT 28.41 32.19 41.95 47.43 68.71 15.36 19.10 26.17 26.34 44.34 15.91 22.75 31.72 26.72 58.61 47.94 55.50 65.97 67.57 92.09
Neutraj 28.66 32.74 38.09 46.10 65.67 35.71 43.35 52.64 55.25 80.21 43.38 48.66 58.43 65.83 85.09 18.30 21.19 28.71 27.25 55.80

T3S 12.31 20.43 27.31 21.92 45.74 16.02 19.53 24.69 26.91 45.61 12.13 18.71 22.15 19.38 39.67 17.15 19.48 24.84 26.53 43.32
Traj2SimVec 21.37 25.17 31.37 26.65 50.36 10.92 13.83 26.29 18.75 43.68 13.74 19.86 24.41 22.68 39.72 7.66 9.34 16.75 12.43 25.85

sT 45.64 48.61 58.77 70.55 89.25 43.09 50.14 61.13 62.83 91.38 40.88 45.82 55.25 63.15 86.54 48.02 55.89 63.24 67.75 93.21
DTisT 51.92 58.67 70.78 76.35 95.45 49.78 56.45 66.60 68.89 94.35 57.64 62.56 71.68 80.65 96.21 57.01 62.15 71.72 79.53 96.60

Chengdu

trajCL 39.77 41.50 53.25 60.51 77.06 49.93 55.91 69.44 72.63 93.71 29.81 34.20 48.53 47.32 71.94 46.16 52.21 67.60 66.41 91.00
trajGAT 27.69 35.38 38.73 43.05 76.06 38.97 43.47 45.13 57.54 86.90 20.72 24.85 30.64 36.95 63.66 65.85 68.67 75.42 91.07 97.30
Neutraj 44.38 48.26 63.91 65.33 91.09 40.38 45.16 50.02 59.49 89.15 63.87 66.99 73.29 89.27 97.29 51.31 58.04 71.32 73.18 93.91

T3S 30.03 35.95 48.26 48.53 74.00 33.21 39.36 43.23 50.25 68.73 37.69 43.42 46.91 61.35 71.80 27.98 33.78 35.70 41.73 63.14
Traj2SimVec 40.49 43.31 55.56 60.55 79.68 42.74 48.68 60.83 62.35 87.98 52.93 57.72 61.94 77.83 88.38 22.45 27.02 37.58 34.72 53.36

sT 55.91 60.62 66.37 79.20 94.83 59.96 64.27 69.65 81.45 95.62 46.08 59.51 64.28 85.53 93.61 53.38 59.68 68.51 75.82 95.27
DTisT 63.09 68.23 77.24 85.88 98.18 62.61 67.16 72.38 86.05 97.93 67.35 70.04 76.80 91.83 98.18 66.70 68.97 76.07 91.63 97.62

trajectory, denoted as η. In particular, given a hyper-parameter,
we first select its value range according to the experience
under some constraints (e.g., the limitation of GPU memory).
Then, we conduct experiments on the validation of Porto to
determine its optimal value. All results are shown in Fig. 8.
Notably, we select the default setting of all hyper-parameters
for the optimal setting as follows: d = 128, N = 2, lrNCE =
1× 10−4, lrd = 5× 10−5, lrs+n = 1× 10−5, γ = 0.2, λ =
0.5, ∆H/∆V = 2.5× 10−3 and η = 20.
Guideline. N and d control the model size. It is advisable to
appropriately increase both parameters to enhance accuracy,
provided that GPU memory constraints and inference latency
are not issues. Additionally, these two parameters should be
matched to the scale of the training data to avoid overfitting.
∆H and ∆V are responsible for determining the grid size.
for datasets with densely packed trajectory points, reducing
these values can improve embedding precision. In contrast, for
datasets with sparsely distributed trajectory points, increasing
these values can reduce GPU memory usage and expedite
both training and inference processes. The sampling number
η should be adjusted according to the scale of the training
dataset. Augmenting the number of positive and negative
samples is beneficial in large datasets to avoid underfitting.
C. Comparison with Baselines

1) Effectiveness Comparison with Baselines: To compare
DTisT with existing trajectory similarity embedding methods,
we conduct comprehensive experiments using two distinct
trajectory datasets: Porto and Chengdu. The experimental
results are summarized in Table II1, with values presented in
percentages. The results unequivocally demonstrate that2:
(1) DTisT outperforms the baseline across a majority of
metrics. For instance, considering the DTW distance metric
on the Porto dataset, DTisT achieves an accuracy almost
twice as high as the strongest baseline, Neutraj, in the HR-
10 metric. In other metrics, DTisT consistently exhibits a
significant performance gap compared to the baseline. This
robust performance across multiple metrics underscores the
general effectiveness of DTisT.

1Here sT refers to only single-T without instruction by dual-T, serving as
a supplement to the ablation A in Sec. VI-E

2Unlike existing baseline methods, which typically exclude trajectories
exceeding 100 points, our baseline comparisons forego such biased filtering
using the full original data.

(2) The accuracy metrics of baseline methods noticeably
decrease, often by at least one-third, when faced with com-
plex datasets, especially Porto. However, DTisT showcases
remarkable robustness in handling these complex datasets. The
degradation in accuracy, at most only an eighth, underscores
the robustness of DTisT and the significant performance gap
it achieves compared to the baselines.
(3) When comparing these different methods horizontally
taking Hausdorff as an example, unlike a cumulative distance
algorithm (DTW), the Hausdorff distance depends only on
the distance between a single point on each trajectory. The
difficulty of embedding trajectories is relatively simple for
Hausdorff. On the Chengdu dataset, the DTisT accuracy of
Hausdorff doesn’t show a huge advantage with the strongest
baseline. Possibly because of data regularity and task sim-
plicity. Both are already close to the theoretical upper limit
for single-trajectory embedding tasks, indicating a bottleneck
in single-trajectory embedding. Nevertheless, in complex data
and with complex distance metrics, as both data and measure-
ment methods become more intricate, the advantages of DTisT
become increasingly pronounced.

2) Efficiency Comparison with Baselines: 123
Training and inference efficiency. As illustrated in Table III-
(a), DTisT showcases a notable advantage in memory effi-
ciency during the training phase. This can be attributed to the
trajectory points to trajectory node aggregation employed in
the adaptable base encoder. By compressing long sequences
into shorter ones prior to passing through the high-memory-
consuming Transformer network, DTisT effectively mitigates
memory overhead, resulting in substantial memory savings.
Similarity retrieval efficiency. We compare the time taken by
the Embedding Method and the Pairwise Method to retrieve
the ten most similar trajectories for a given trajectory across
different trajectory numbers3. As indicated in Table III-(b),
the time overhead for using the Pairwise Method is partic-
ularly significant and increases linearly with the number of
trajectories. Unfortunately, this latency does not support real-
time tasks, especially for methods like Fréchet. In contrast,
the Embedding Method not only significantly reduces end-

3Considering that the Embedding Method performs approximate retrieval,
we first retrieve its top 50 most similar trajectories and then conduct an
accurate calculation among the 50 trajectories for fair comparison (their
accuracy in R10@50 consistently exceeds 95% in Table II).
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TABLE III: Efficiency Comparison
DTisT trajCL trajGAT Neutraj T3S Traj2SimVec

training memory(GB) 22.19 41.65 24.72 41.34 27.59 27.23
training time(min) 12.19 14.62 6.95 16.34 9.57 6.09

infer mem(MB) 2227 1729 1865 4167 3709 2511
infer time(ms) 41.7 15.6 995.6 367.8 37.5 220.6

(a) Training and inference efficiency
Embedding Method Pairwise Method

numbers DTisT trajCL T3S DTW Fréchet ERP Hausdorff
1k 0.07s 0.04s 0.06s 0.88s 310.90s 2.50s 9.83s

10k 0.21s 0.18s 0.20s 8.44s 3058.10s 24.79s 97.67s
100k 1.63s 1.61s 1.62s 85.27s 30260.39s 244.06s 986.31s

(b) Top-10 search time across different trajectory number
Embedding Method Pairwise Method

average length DTisT trajCL T3S DTW Fréchet ERP Hausdorff
100 (points) 4.92ms 7.02ms 4.63ms 1.1ms 653.6ms 2.7ms 10.7ms
500 (points) 5.74ms 9.15ms 6.15ms 0.02s 24.27s 0.06s 0.25s

1000 (points) 6.81ms 14.29ms 8.42ms 0.19s 197.34s 1.49s 0.38s
(c) Similarity calculation time across different trajectory length

to-end latency but also achieves sub-linear time complexity.
This efficiency gain is due to the simpler nature of similarity
computations in the Embedding Method compared to the
Pairwise Method. Furthermore, as the number of trajectories
increases, the impact of model inference time on end-to-end
latency(similar trajectory search) becomes almost negligible.
As the number increases, the computation of distances between
vectors emerges as the primary time-consuming element.
Therefore, under the current size of the trajectory database
[37], DTisT and other Embedding Methods tend to converge
in terms of efficiency.
Long trajectory efficiency. In this paper, a long trajectory
denotes a trajectory comprising a substantial number of points.
The complexity of similarity computation correlates directly
with the number of points. Furthermore, the inference latency,
memory usage, and the search time are influenced by the
length of this input sequence. Table III-(c) illustrates the com-
putation time across various methods at differing trajectory
lengths. As trajectory lengths extend, DTisT exhibits signifi-
cant advantages relative to alternative approaches. This benefit
arises from the long-term and short-term perception within
DTisT, which enables the model to non-destructively shorten
the sequence length at an early stage, thereby enhancing
computational speed.

3) Discrimination Ability Comparison with Baselines: To
analyze the discriminative effect of different methods on near
or far trajectory embedding, we utilize t-SNE [38] to visualize
the distribution of embeddings. Specifically, we randomly
sample 1000 trajectories from Chengdu and Porto and applied
t-SNE to reduce the dimensions of their embedding vectors
obtained from both DTisT and baseline methods, resulting
in two-dimensional points. Subsequently, we employ DB-
SCAN [39] with DTW and Fréchet distance to cluster these
trajectories. The clustering results will be displayed on the
two-dimensional points with different colors. Trajectory points
in the same class imply smaller distances between them and
should be close to each other. On the other hand, there should
be a clear boundary between different classes, indicating
larger distances. According to Fig. 9, we have the following
observations:

Fig. 9: Visualization of t-SNE Embeddings.

(1) For most T3S, trajGAT and trajCL, there is significant
overlap between embeddings of different categories, and no
clear boundaries. These models leverage an attention mech-
anism that prioritizes intra-sequence associations over inter-
sequence differences, leading to suboptimal performance in
recognizing similarities between trajectories. As a result, these
models exhibit limited discriminative effectiveness.
(2) Compared to T3S and trajCL, Neutraj and Traj2SimVec
show superior performance. However, a closer examination
of trajectory distributions within the same grid reveals that
instances of two categories overlapping still sporadically occur.
These models only embed single trajectories in isolation,
lacking dual-trajectory assistance and overlooking the intrinsic
nature of similarity computation as an inter-trajectory task,
thereby encountering a performance bottleneck.
(3) DTisT’s embeddings exhibit a linear separation between
different categories. Moreover, trajectories within the same
category form a tight cluster. These observations suggest that
DTisT effectively generates discriminative features. By distill-
ing knowledge from a single-T model into a dual-T framework
and integrating short and long-term trajectory perception, this
approach facilitates precise similarity computations between
trajectories and produces high-quality embeddings, leading to
superior performance over existing state-of-the-art models.
(4) When comparing the effectiveness of the same embedding
method across different datasets and similarity metrics, it is
observable that trajCL and Traj2SimVec show significantly
better results on the Fréchet distance of Chengdu, consistent
with the accuracy presented in Table II. It is not difficult
to conclude that categories with higher accuracy in Table II
tend to also perform better in clustering results, demonstrating
consistency in effectiveness between the two downstream tasks
of trajectory clustering and similar trajectory search.

4) Scalability Comparison with Baselines.: To compare the
scalability, we train different models by varying the training
data size. In particular, we sample 20%, 40%, 60%, 80% and
100% from the training data of Porto with the DTW distance
and Chengdu with the Fréchet distance, and then collect their
accuracy of approximate retrieval on the each test data. From
Fig. 10, we have the following observations:
(1) All methods show a decrease in model performance as the
training data size decreases because larger training data allows
the model to learn more diverse data scenarios.
(2) DTisT is more effective and stable compared to other
baseline methods. Taking HR-10 accuracy as an example, even
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Fig. 10: Scalability of differen method on Porto and Chengdu.

when using only 20% of the data, it outperforms the training
results of most other models using 100% of the data.
(3) trajCL has a notable performance decline at 20% data
coverage in Chengdu. This phenomenon is attributed to its
reliance on simple trajectory augmentation techniques during
pre-training, which predisposes it to overfitting in scenarios of
limited data availability. In contrast, our approach DTisT im-
plements a supervised pre-training methodology that enhances
data quality through the asymmetric sampling of positive
and negative trajectories. This strategy effectively captures
correlations among diverse trajectories, thereby addressing the
issue of overfitting in environments with limited data.

D. Long Trajectories Study vs. trajGAT

In order to assess the effectiveness and efficiency of DTisT
on long trajectories, we select the trajGAT model, specifically
designed for long trajectories, as a reference. The method
trajGAT constructs a tree-like aggregation structure for trajec-
tories using its well-designed quadtree structure. It efficiently
aggregates information from trajectory points using the graph
attention mechanism from graph neural networks, achieving
high efficiency on long trajectories. We randomly sample
trajectories from the Porto dataset to create five datasets with
average trajectory lengths of approximately 100, 250, 500,
750, and 1000. We then train and validate these datasets
separately, recording their training performance and efficiency
.(In the case of trajGAT on the 1000-length trajectory dataset,
an ‘cuda out of memory’ situation occurred, exceeding 48GB.
Due to hardware limitations, we cannot show its results on
this specific dataset.) The results are depicted in the Fig. 11,
and we have the following observations:
(1) In terms of accuracy, as trajectories become longer, both
DTisT and trajGAT exhibit some degradation in performance.
However, DTisT maintains a significant lead, demonstrating
its clear advantage when dealing with long trajectories.
(2) In evaluating efficiency, we conduct a comparison based on
training times and memory usage, accounting for the increase
in training time and memory usage as trajectories lengthen.
DTisT demonstrates a substantial advantage in GPU memory
conservation, attributed to the implementation of grid cell
trajectory aggregation.

Fig. 11: The Effectiveness and Efficiency on Long Trajectories.
TABLE IV: Ablation Result.

O A B C D E F G
Dual-T Instruction ✓ × ✓ ✓ ✓ ✓ ✓ ✓

Point-pair Supervised ✓ × × ✓ ✓ ✓ ✓ ✓
Synthetic Trajectory ✓ ✓ ✓ × ✓ ✓ ✓ ✓
Contrastive Learning ✓ ✓ ✓ ✓ × ✓ ✓ ✓
Grid-cell Aggregation ✓ ✓ ✓ ✓ ✓ × ✓ ✓
Divergent Sampling ✓ ✓ ✓ ✓ ✓ ✓ × ✓

Pre-Training ✓ ✓ ✓ ✓ ✓ ✓ ✓ ×
HR-10 (%) 58.67 48.61 54.76 52.25 51.60 49.71 29.30 53.73
HR-50 (%) 70.78 58.77 63.75 59.63 61.54 60.47 41.27 62.97

R10@50 (%) 95.45 89.25 92.22 90.11 89.72 88.86 66.77 91.89

E. Ablation Studies
As shown in Table IV, we conduct extensive ablation studies

on Porto with the DTW distance to evaluate the effectiveness
of key designs in DTisT. To validate the effectiveness of
the innovative aspects we propose, we conduct the following
ablation experiments to assess the core innovations in our
method. The O represents the experimental group which is
the whole DTisT framework.
(1) Dual-T Instruction (A): To thoroughly validate the ef-
fectiveness of our proposed dual-T module for instructing
the single-T module, we conduct an in-depth examination
to ascertain whether the single trajectory embedding model
can indeed glean more semantic information from the dual
trajectory model during similarity calculation. In particular,
we tailor the instruction process to solely self-train the single
trajectory model. It is important to emphasize that in this
altered setup, the dual-T module becomes non-functional,
rendering the supervision of point-pair information for the
dual-T model ineffective.
(2) Matched Point-pair Supervision (B): In Sec. IV-B, to
examine the supervisory effect of matched point-pairs between
trajectories, we conduct the experiment B without Point-pair.
In this experiment, the attention mask matrix of the dual-
T model was set to the default, eliminating the information
gained from point-pair information for the model. From the
experimental results, it is evident that the inclusion of point-
pair information significantly improves the model’s accuracy.
(3) Synthetic Trajectory (C): In Sec. IV-C, to achieve sym-
metry between the dual-T model and single-T model, we
introduce a synthetic trajectory into the single-T model. Here,
we remove this virtual trajectory to evaluate the synthetic
trajectory’s effectiveness. Experimental results indicate that
the inclusion of the synthetic trajectory significantly enhances
model performance. Symmetric dual-T and single-T models
enable single embedding space and dual embedding space
to be congruent, facilitating easy instruction processing and
relaxing triangle inequality constraints.
(4) Contrastive Learning in the Pre-training Phase (D): In
the realm of model training, leveraging a pre-training process
often leads to superior models compared to training from
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scratch. We conduct an analysis focusing on the effects of
contrastive learning pre-training in contrast to pre-training
solely with similarity label supervision. It is apparent that con-
trastive learning pre-training provides a better initial state for
the model through unlabeled positive and negative trajectory
pairs, enabling it to gain greater robustness.
(5) Sub-trajectory Node (E): To assess the impact of aggre-
gating points within grid cells into nodes, as detailed in Sec.
IV-A (Long-Short-term Perception), we conduct a comparative
study. Specifically, we remove this aggregation node filter and
its sub-trajectory embedding enabling the direct mapping from
point-level to trajectory-level. The results indicate that the sub-
trajectory aggregation associates point-level and trajectory-
level from a local perspective, resulting in a more accurate
and refined representation.
(6) Divergent Sampling (F): To evaluate the effect of Divergent
Sampling in Sec. V-A, we establish symmetrical sampling
approach for positive and negative examples, selecting nearest
η and the farthest η trajectories from the anchor. It is evident
that probabilistic sampling of dissimilar trajectories allows the
model to perceive trajectories from more categories, signifi-
cantly enhancing model performance.
(7) Pre-training (G): In our method, both single-T and dual-
T share an Adaptable Base Encoder layer. To avoid inherent
instabilities in the instruction loss between dual-T embedding
and single-T embedding, we incorporate the pre-training tech-
nique before fine-tuning both single-T and dual-T modules.
To verify the effectiveness of the pre-training process, we
transformed this two-stage task into a multi-task learning ex-
periment, referencing [40]. Comparative experiments, denoted
as O, demonstrate that the two-stage training of single-T and
dual-T, by achieving better initial parameters, ultimately yields
superior results.

VII. RELATED WORK
A. Trajectory Representation Learning for Optimizing Simi-
larity Computation

Learning-based approximation methods endeavor to model
trajectory similarity calculations using neural networks. For
instance, the authors in [41] devised a method to make DTW
distance differentiable through heuristic rules and integrated
it into loss functions for efficient backpropagation. Another
work [17] introduced a measure-general neural network em-
ploying an attention mechanism to simulate the matching
operation of similarity calculations, achieving a universal high-
precision similarity approximation. However, these methods,
primarily categorized as pairwise learning methods due to
their utilization of two trajectory inputs, solely address the
challenges of the computing phase. To concurrently address
retrieve phase challenges, trajectory embedding learning for
similarity computation emerged as a promising approach. This
technique involves mapping trajectories or trajectory segments
into high-dimensional vectors and aggregating trajectory se-
mantic information to enhance downstream task effectiveness.
Consequently, the search phase is transformed into a vector
retrieval problem, which can be significantly optimized, po-
tentially up to a logarithmic level. The pioneering work of

[42] related trajectory embedding vectors in the representation
space to trajectory similarity by measuring similarity based
on the magnitude of distance in the representation space.
Another representative method, [20], partitioned the map into
grids and saved hidden embeddings for each region. However,
it faced challenges with accuracy, particularly with longer
trajectories. To counter these issues, [19] proposed an approach
based on GNN to encode trajectories. They pre-segmented
trajectories into quadtree-based partitions based on their posi-
tions, enabling positional information to be treated as a graph
structure. In addition, other methods [43], [44] incorporate
road network information to denoise traffic trajectory data,
prioritizing performance in downstream tasks over achieving
higher precision. Thus, these methods apply exclusively to
traffic trajectory data, serving specific downstream tasks.

However, existing embedding-based learning methods have
predominantly focused on the embedding process for single
trajectories, overlooking the accuracy advantages provided by
Pairwise Learning in simulating similarity calculations, the
non-metric nature of the embedding space, and the potential
alignment information that can be optimized and supervised in
pairwise-based learning. This oversight has led to shortcom-
ings in terms of effectiveness.
B. Trajectory Representation Learning for Other Tasks

Trajectory data serves diverse downstream tasks like Time
Estimation, Prediction, Clustering, and more [45], [46]. In-
corporating trajectory representation learning has significantly
advanced these tasks. For instance, Jiang et al. [47] integrate
travel semantics and road segments into trajectory embedding,
enabling precise travel time prediction. Similarly, Suris et
al. [48] model partial trajectory observations as probability
distributions, enhancing accurate future segment predictions.
In clustering, Hoseini et al. [49] embed both transitive and
non-transitive relationships between trajectories, achieving
robust trajectory clustering. Trajectory embedding aids au-
tonomous driving [50], identifying unusual scenarios based
on trajectory density distributions. Trajectory representation
has found utility in tour recommendation [51]. Chen et al.
[51] blend spatio-temporal trajectory features with Markov
chains, enhancing Point-of-Interest recommendations. Beyond,
trajectory representation enhances tasks like anomaly detection
[52], destination prediction [53], and classification [54], [55]

by injecting trajectory semantics into multi-modal data.

VIII. CONCLUSION
In this paper, we studied the problem of trajectory em-

bedding for similarity computation. We proposed an effective
and novel method called the Dual Trajectory similarity model
Instruct the Single Trajectory similarity model DTisT which
incorporates a novel framework using pairwise learning in-
structing embedding learning and introduces point pair ground
truth to supervise its pairwise learning. Furthermore, we
aggregate trajectories by grids to address the issue of long
trajectories and further enhance its performance by incorpo-
rating contrastive learning pretraining. Extensive experiments
on real datasets confirmed the effectiveness of our method.
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