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Abstract

Trajectory Representations Learning (TRL) serves as a foundational technology for support-
ing intelligent transportation. However, models trained on real-world data often suffer
from performance degradation caused by inherent spatiotemporal distribution bias, which
reflects the heterogeneity of urban structures and human movement behaviors. This leads
to representations that overfit to frequent patterns, resulting in weak robustness and limited
generalization to sparse or atypical trajectories. To address these issues, this paper presents
a novel perspective, anchor-guided balanced learning, and instantiates it with a framework,
AnchorTRL. AnchorTRL introduces anchors to proactively construct a balanced semantic
space instead of passively fitting the empirical data distribution. Specifically, AnchorTRL
designs a spatiotemporal anchor identification algorithm to recognize trajectory anchors
that comprehensively cover the data manifold. And, it proposes a calculation method to
measure all trajectories” semantic similarity with anchors. Additionally, it develops an
anchor-based balanced sampling strategy to mitigate the dominance of frequent patterns
and steer the model towards learning a more balanced representation. Finally, it constructs
a multi-task contrastive learning objective with adaptive constraints to enhance the ag-
gregation of semantically similar trajectories. Experimental results show that AnchorTRL
outperforms existing baseline methods in tasks such as travel time estimation and similar
trajectory queries, demonstrating its effectiveness and robustness. This research provides
methodological support for constructing more reliable trajectory representation learning
models, and offers new insights for optimizing intelligent transportation applications under
spatiotemporal biases.

Keywords: trajectory representation learning; trajectory anchor; data imbalance; spatiotemporal
semantic modeling

1. Introduction

Trajectory data constitutes the continuous records of moving objects (such as vehicles
and pedestrians) in the spatial and temporal dimensions, serving as a fundamental digital
footprint of urban systems and human activities [1]. Trajectory representation learning
aims to map the raw trajectory data into low-dimensional dense vectors through deep
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learning models, thus representing the semantics of the trajectories in the vector space [2].
The learned vectors of trajectories have higher computational efficiency compared to
the raw trajectory data, and can be directly used as input for urban intelligent systems,
which are widely used in various applications such as smart cities, transportation systems,
and personalized services [3,4]. Due to the high uncertainty and complexity inherent
in trajectory raw data, learning high-quality trajectory representation vectors is of great
research significance and highly challenging.

In recent years, researchers have proposed lots of trajectory representation methods,
such as t2vec [5], CL-Tsim [6], TrajCL [7], TransGTE [8] and RSUTrajRec [9]. These meth-
ods enhance the representation quality through different methods, achieving significant
progress in the downstream tasks of trajectory representation. Additionally, multimodal
data has been introduced into the trajectory representation learning process to enhance the
quality of trajectory representations. For example, ST-GraphRL [10] constructs an explicit
weighted directed spatiotemporal trajectory graph and adopts a two-stage decoupled-fused
encoder to jointly learn the spatial and temporal dependencies in the trajectories, thereby
improving the quality of trajectory representations. PTrajM [11] constructs a dual-channel
complementary trajectory representation framework by fusing the motion dynamics modal-
ities and the geographical semantic modalities. In practice, the spatiotemporal distribution
of trajectory data is intrinsically shaped by the urban environment and human travel
factors, including the road network structure, land-use patterns, and the distribution of
Points of Interest (POIs) [12]. This results in a fundamental heterogeneity—core urban
areas and peak hours dominate the data, while peripheral regions and off-peak travel are
underrepresented. Previous trajectory representation methods use random sampling or
uniform training strategies to train models. Given the inherent spatiotemporal distribution
bias in trajectory data, this paper hypothesizes that these methods may overfit frequent
trajectory patterns, and thus fail to effectively support downstream tasks.

To address this issue, this paper proposes a new perspective, anchor-guided bal-
anced learning, and an anchor-enhanced trajectory representation learning framework,
AnchorTRL. Instead of passively fitting the empirical data distribution, AnchorTRL in-
troduces anchors to proactively construct a balanced semantic space to achieve a more
faithful and robust representation of urban mobility. This alleviates the negative impact
of the non-uniform distribution of trajectory data and improves the quality of trajectory
representation. Specifically, AnchorTRL designs a spatiotemporal anchor identification
algorithm to recognize trajectory anchors that comprehensively cover the data manifold.
And, it proposes a calculation method to measure all trajectories” semantic similarity with
anchors. Additionally, it develops an anchor-based balanced sampling strategy to mitigate
the dominance of frequent patterns and steer the model towards learning a more balanced
representation. Finally, it constructs a multi-task contrastive learning objective with adap-
tive constraints to enhance the aggregation of semantically similar trajectories. To the best
of our knowledge, this paper is the first to actively adapt to the spatiotemporal distribution
deviation with anchor to improve trajectory representation learning. In summary, the main
contributions of this paper are as follows.

(1) A Novel Learning Perspective. This paper proposes the concept of anchor-guided
balanced learning, a principled approach to mitigate the systematic performance
decline on spatiotemporally unpopular trajectories caused by empirical distribution
skew. This perspective shifts the paradigm from passively fitting the biased data
distribution to proactively constructing a balanced semantic space that more faithfully
represents the full diversity of urban mobility.

(2) A framework addressing urban data bias in trajectory learning. This paper instantiates
this perspective into the AnchorTRL framework, which integrates several novel
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components: a spatiotemporal anchor identification algorithm for comprehensive data
manifold coverage, a hybrid similarity measurement for robust semantic alignment,
and an anchor-based balanced sampling strategy to counteract pattern dominance.

(3) Extensive Validation. Through rigorous experiments on two real-world city datasets,
this paper demonstrates that AnchorTRL significantly advances the state-of-the-art in
tasks like travel time estimation and similar trajectory query.

The rest of this paper is organized as follows. Section 2 presents a literature review of
trajectory representation learning and anchor-enhanced representation learning. Section 3
defines the key concepts of TRL in this paper. Section 4 shows the methodology framework
of the proposed approach. Section 5 shows the experiment details and overall results.
Section 6 takes some discussions, demonstrating the effectiveness of AnchorTRL. Finally,
the conclusion and future works are represented in Section 7.

2. Related Work

The related work to this paper can be classified into two categories: trajectory repre-
sentation learning and anchor-enhanced representation learning.

2.1. Trajectory Representation Learning

Early researchers adapt generic graph embedding techniques [13-15] to encode road
segments and represent trajectories as the average of segment embeddings. Building upon
these, early trajectory representation learning methods, such as t2vec [5], Traj2vec [16],
CL-Tsim [6] and Trembr [17] mainly adopted self-supervised learning approaches, learning
the representation of trajectories by generating similar trajectory pairs. While this paradigm
demonstrates effectiveness in capturing local spatiotemporal dependencies, its reliance on
reconstructing local segments often limits the model’s capacity to learn holistic trajectory
semantics, particularly for understanding high-level travel behaviors and intentions. To
solve this problem, some researchers began to explore contrastive learning methods, such
as TrajRCL [18] and PIM [19], by constructing positive and negative sample pairs to
learn discriminative trajectory representations. START [20] further incorporates temporal
regularities and travel semantics as self-supervised signals. Toast [21] combines Skip-gram
pre-training with masked language modeling to learn road segment embeddings from
trajectory co-occurrence patterns. However, this shift in methodology introduces a new
critical challenge: the performance of contrastive learning heavily depends on the quality
and semantic rationality of the sample pair construction.

To provide a richer semantic foundation for constructing high-quality positive and
negative sample pairs, some researchers have also begun to explore the combination of
multimodal data to enhance geographical spatial semantic modeling [22] and improve
the quality of trajectory representations. For instance, TriSR [23] integrates trajectory data
with image data, leveraging the semantic information in the image data to enhance the
representation of the trajectory. JGRM [24] jointly models GPS and route views through a
dual-view encoder to learn unified trajectory representations. Furthermore, the GREEN
framework explores the complementarity of grid and road trajectory expressions, designing
dual encoders and cross-modal interactions to fuse these two representations for learn-
ing richer trajectory semantics [25]. These multimodal fusion approaches can effectively
improve the quality of trajectory representations. However, while incorporating addi-
tional modalities addresses certain aspects of semantic sparsity, it does not fundamentally
resolve the core issue of spatiotemporal distribution bias in trajectory data. The fusion
process itself may even amplify these biases if the auxiliary data (e.g., street-view images)
is unevenly distributed, thereby limiting the model’s ability to learn balanced and robust
trajectory representations.
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Additionally, some researchers have also begun to explore the use of graph structures
to enhance the quality of trajectory representations. For instance, TrajGAT [26] models
trajectory data as a graph and utilizes graph neural networks to learn the representations
of trajectories. JCRLNT [27] jointly learns road network and trajectory representations
via multi-task contrastive learning. Path-LLM [28] incorporates large language models
to learn path representations by fusing topological and textual multi-modal data. GeoA-
vatar [29] generates personalized human mobility trajectories by constructing individual
heterogeneous life-pattern graphs that incorporate demographic characteristics and spa-
tiotemporal constraints. These methods of graph structure modeling can effectively capture
the spatiotemporal dependencies of trajectories.

Although the trajectory representation learning methods have made great progress in
improving the quality of trajectory representations, they assume that the trajectory data
is uniformly distributed in the spatial and temporal dimensions. Since they ignore the
uneven distribution of inherent spatiotemporal patterns in real scenarios, their trajectory
representation tends to be biased and perform poorly in downstream tasks.

2.2. Anchor-Enhanced Representation Learning

The anchor-based mechanism, as a form of structured prior knowledge, has been
widely applied to address various data imbalance challenges. Existing studies demonstrate
that by introducing representative anchor samples, the model’s generalization capability
across diverse data distributions can be significantly enhanced.

In the field of object detection, Ren et al. [30] proposed Faster R-CNN, which provides
reference scales for imbalanced target distribution by presetting anchor boxes, effectively
addressing the positioning challenge of small targets. Subsequent works such as FCOS [31]
further refined this concept by adopting anchor points instead of anchor boxes, enabling
multi-scale predictions across regions with varying feature density through the feature pyra-
mid network. For image segmentation tasks, Kirillov et al. [32] introduced anchor-guided
ROIAlign operation in Mask R-CNN, effectively alleviating the problem of insufficient
feature extraction in edge regions. These methods collectively demonstrate that anchors
can serve as structural “signposts” for spatial organization, enhancing the model’s capacity
to perceive and represent spatially imbalanced patterns.

In the task of text representation learning, Gao et al. [33] proposed to construct the
semantic skeleton of documents through keyword anchors, significantly improving the
performance of short text classification. Chen et al. [34] further introduced the anchor
mechanism into the cross-language representation alignment task, selecting bilingual co-
occurring words as semantic anchors to achieve more robust cross-language semantic
mapping in low-resource language environments. Additionally, Wang et al. [35] utilized
sentiment-polarized keywords as anchors to guide the model to better capture semantic
deviations and context associations in fine-grained sentiment analysis. Beyond textual
data, the anchor mechanism also proves effective in structuring complex multi-view data,
as seen in the EAGL method [36] for incomplete multi-view clustering, which leverages
anchors to recover missing views and construct consensus representations.

Overall, anchors serve as pivotal references across various data types, demonstrating
significant effectiveness in improving representation learning for imbalanced data distri-
butions. However, the unique characteristics of spatiotemporal data—particularly the
complex temporal dependencies, spatial heterogeneity, and uneven semantic distribution
inherent in trajectory data—present distinctive challenges that prevent direct application of
existing anchor-based methods to raw trajectory representation learning.
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3. Definition

Road network: Given a directed road network graph G = (V, E), where V = {v;}
represents the set of road segment (including spatial coordinate attributes p; € R?), and
E C V x V represents the road connection relationship, the edge weight w;; encodes the
traffic constraints (such as one-way street restrictions).

Trajectory: In this paper, two complementary forms of trajectory data are used. Specif-
route. — {(wy,, ty) },_, is a sequence of road segments at the
Utk+1) € E.
For a trajectory T;, its road set R; is defined as the set of road segments in its route view:
R; = {vy| k=1,...,m}. A GPS trajectory T8/° = {(qs,, t) },._, is a sequence of raw GPS
points, where q;, € R? denotes the longitude-latitude coordinates at timestamp f;, without

ically, a route trajectory T
timestamp t;, where v;, € V, and it satisfies the road network connectivity (Utk,

explicit assignment to road network elements.

The trajectory representation learning task: By inputting the road network G, trajectory
set T = {7;}, output the low-dimensional representation /.

To quantitatively describe the spatiotemporal distribution deviation of trajectory data,
we further define the popular and unpopular attributes of trajectories from both spatial
and temporal dimensions.

Spatial dimension. The frequency of a road segment is defined as the total number of
times all trajectories in the training set pass through that road segment. Road segments are
divided into popular and unpopular ones based on the median of the frequency of all road
segments. For any trajectory 7, let the set of road segments it passes through be R+, and the
number of popular road segments be nﬂﬁd. If nfl‘ﬁd /|R|> 0.5, then T is called a spatially
popular trajectory; otherwise, it is called a spatially unpopular trajectory.

Time dimension. Divide a day into H equal-length time periods, and define the popu-
larity of a time period as the total number of occurrences of all GPS points in the training set
within that period. Using the median of the popularity of all time periods as the boundary,
the time periods are divided into popular and unpopular time periods. Let the starting
time period of trajectory T be t:. If t; belongs to a popular time period, then 7 is called a
temporally popular trajectory; otherwise, it is called a temporally unpopular trajectory.

4. Method

The trajectory representation learning framework proposed in this paper is based on
spatiotemporal anchors, which seek to enhance performance through multidimensional
feature fusion and a dynamic sampling mechanism. As shown in Figure 1, the frame-
work consists of three modules, including a spatiotemporal anchor selection module, an
anchor-guided representation alignment module, and a contrastive learning optimization
module. Specifically, the spatiotemporal anchor selection module (STASM) selects the
anchor trajectories of different patterns with spatiotemporal features. The anchor-guided
representation alignment module(AGRAM) extracts features based on three types of fea-
tures: behavior, space, and time, and combines feature similarity measurement and greedy
strategy to select key and comprehensive trajectories as anchors, achieving perception of
trajectory distribution. Anchor-based balanced sampling(ABS) designs static and dynamic
sampling strategies, generates positive and negative samples based on the similarity of an-
chor trajectories, and introduces a usage frequency adjustment mechanism to alleviate the
problem of data imbalance. Finally, this paper uses the dual-view encoder of the JGRM [24]
model to encode the trajectory data and obtain the trajectory representation vectors. In the
training process, contrastive learning optimization is introduced with an improved triplet
loss function to strengthen the aggregation of positive samples, thereby obtaining more
discriminative trajectory embedding representations.
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Figure 1. Architecture diagram of the AnchorTRL framework. AnchorTRL has constructed three
modules to enhance the quality of trajectory representation: (a) the spatiotemporal anchor selection
module, (b) the anchor-guided representation alignment mechanism, and (c) the anchor-based
balanced sampling.

4.1. Spatiotemporal Anchor Selection Module (STASM)

This module aims to select key anchor trajectories from large-scale trajectory data,
which are used to construct a stable reference system to alleviate the impact of uneven data
distribution. Specifically, this method takes into account the diversity in spatial coverage
and time distribution of the trajectories. Through a greedy gain optimization strategy, it
gradually selects key samples from the trajectory set. The selected anchor set not only
covers more road segments and time intervals, but also maintains various semantic features,
thereby providing a basis for constructing high-quality positive and negative samples for
the subsequent process.

This module defines a gain function to measure the contribution of the candidate
trajectory as an anchor. The gain function consists of two parts: one is the spatial gain,
which is used to measure the number of newly covered road segments by the trajectory. The
other is the temporal gain, which adjusts the contribution of the trajectory in the uncovered
time period through a weighting factor. The formal definition is as follows:

Guin(ti) = |Pi\Pcovered| ta- I(Hi 2 Hcovered)/ (1)

where P; represents the set of road segments in the trajectory, P.yyereqs and Heyyereq are the
current sets of covered road segments and time periods respectively, and « is the adjustment
factor for the time dimension, set to the average trajectory length (in terms of number of
road segments) of the corresponding dataset.

Additionally, STASM employs a greedy iterative strategy to gradually expand the
anchor set. In each iteration, the trajectory with the highest gain function value is selected
from those that have not been selected and added to the anchor set, while the covered space
and time sets are updated. When the space coverage reaches the set threshold or when
no trajectory can provide additional gain, the iteration process terminates. This process
is shown in Algorithm 1, improving the balance of the anchor set in both the spatial and
temporal dimensions.
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Algorithm 1 Spatiotemporal anchor selection

Input: trajectory set T, minimum coverage rate 6, time weight o
Output: anchor set A

1: A =9, Poovered =D, Heovered =D

2: while | Pogyereq | / | Propar | < 6 do

3: best = arg maxycr\ o Gain(t;)
4: if Gain(best) > 0 then

5: A =AU {best}

6: Peovered = Peovered U Ppest
7: Heovered = Heovered Y Hpest
8: else break

9: return A

To address the bias introduced by the uneven distribution of the original data, this
module selects representative anchor trajectories based on spatial, temporal, and behav-
ioral characteristics. These anchors serve as references to construct a stable and diverse
reference system for trajectory representation learning. By ensuring sufficient coverage and
diversity, the anchor set enables the generation of reliable positive and negative samples
and facilitates the model in learning multi-dimensional semantic information during the
contrastive learning process.

The greedy selection strategy employed to construct this anchor set is not merely a
heuristic convenience; it is theoretically grounded in the properties of the gain function
defined in Equation (1). Specifically, the gain function is monotone submodular—the
spatial coverage term exhibits diminishing returns as the covered set expands, while the
temporal term is a modular (additive) function, and their sum preserves submodular-
ity. A classical result in combinatorial optimization [37] guarantees that for monotone
submodular maximization under a cardinality constraint, a greedy algorithm achieves a
(1 — 1/e)-approximation to the optimal solution. This theoretical foundation has been
widely adopted in modern machine learning applications, including sensor placement
and data summarization [38]. While our algorithm terminates upon reaching a coverage
threshold 6 rather than a fixed cardinality, the greedy approach still provides a principled
and provably near-optimal strategy for incrementally constructing a balanced anchor set
that comprehensively spans the spatiotemporal support of the trajectory data.

4.2. Anchor-Guided Representation Alignment Mechanism (AGRAM)

To better model the semantic relationships between trajectories in representation
learning, this paper proposes a measure method based on multi-dimensional features. This
method depicts the comprehensive characteristics of trajectories in terms of behavior, space,
time, and scale. Specifically, for each trajectory T7;, behavioral statistics such as velocity,
acceleration, and angle changes are extracted as behavioral features, the starting and ending
point’s longitude and latitude are used as spatial features, the sine and cosine encoding
of the departure time are used as time features, and the total length and total duration of
the trajectory are combined as scale features. Through these features, the trajectories are
mapped to a multimodal representation space, thereby calculating the semantic distance
between trajectories.

In order to achieve the guiding and anchoring effect of the anchor trajectory on other
trajectories, AGRAM calculates the similarity between each anchor and other trajectories.
The calculation of semantic feature similarity can measure the relationship between the
overall features of trajectories. However, it lacks the ability to capture the crucial sequence
information and spatial topological information of trajectories. To preserve the structural
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relationships between trajectory sequences and comprehensively measure the differences
between trajectories, this paper proposes a hybrid similarity measurement method. Specifi-
cally, this method combines the cosine similarity based on feature vectors with the Jaccard
similarity based on path sets:

Sim (Ti/ aj) = SiMeosine (fzr f]) : Sim]accurd (Ri/ Rj)/ )

where 7; and a; represent non-anchor and anchor trajectory, respectively. And f;, f; represent
the multi-dimensional feature vectors of the trajectories, and R;, R; represent the road sets
of trajectories. The cosine similarity is used to measure the similarity of two trajectories at
the behavioral feature level. By calculating the cosine similarity of these feature vectors,
it is possible to determine whether two trajectories are similar in terms of driving style,
movement patterns, etc. For example, two trajectories with sharp acceleration and frequent
lane changes will be more similar in the behavioral feature space. The Jaccard similarity,
on the other hand, focuses on measuring the overlap degree of the two trajectories in the
spatial path, defined as the ratio of the intersection size of the two trajectories passing
through the road section set to the union size. This measurement can effectively capture
the similarity of trajectories in the topological structure of the road network, avoiding
the neglect of overall path consistency due to local behavioral fluctuations. For example,
even if the speed distribution of two trajectories is slightly different, if most road sections
overlap, they will still be considered to have a high spatial similarity. AGRAM integrates
both, considering both dynamic behavioral features and static path structures, avoiding
the deviation that a single measurement may bring. Such a design captures the overall
semantic similarity of trajectories while retaining their structural differences in the spatial
path, thereby achieving multi-level semantic alignment, and helps to more comprehensively
and accurately evaluate the true semantic similarity between trajectories. What is more, the
multiplicative form in Equation (2) imposes a strict joint condition, requiring high similarity
in both behavioral and structural dimensions simultaneously [39]. This design enables
more accurate reflection of the complex semantic relationships of trajectories in the real
world, and facilitates better discrimination among massive trajectory data.

4.3. Anchor-Based Balanced Sampling (ABS)

To alleviate the uneven distribution of trajectory data, this module proposes a dynamic
batch construction mechanism based on anchor guidance, as shown in Algorithm 2. This
mechanism utilizes the pre-computed trajectory similarity matrix to achieve structure-
aware sample organization. Specifically, a global similarity matrix is first computed between
trajectories and anchor trajectories to establish a similarity ranking list for anchors. For
each anchor, the top-K most similar trajectories are retained to construct a positive sample
candidate pool, while negative samples are drawn from trajectories with lower similarity
scores or those below a predefined threshold 7.

During training, this mechanism dynamically selects anchor trajectories and constructs
batches according to the following strategy. Anchor trajectories are first chosen from the
predefined anchor set. Positive samples are then prioritized from their corresponding
positive candidate pools, while sampling is balanced by considering the usage frequency of
each trajectory. Negative samples are drawn from trajectories with low similarity scores to
ensure sufficient distinction from the anchors. Through this combination of static ranking
and dynamic sampling, each training batch consists of anchor trajectories, positive samples,
and negative samples, formally defined as B = {T,,,chor, P, N}, where T, denotes the
anchor trajectories, P represents the positive sample set drawn from similar trajectories,
and NV denotes the negative sample set containing trajectories significantly different from
the anchors.

https:/ /doi.org/10.3390/ijgi15070321
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Algorithm 2 Dynamic batch construction

Input: trajectory set T, anchor set A, similarity matrix S, threshold 7, batch size B
Output: training batch B

1. B=®

2 for each epoch do

3 select anchor trajectory T,,cnor € A

4: Pos = {T; | S(Tauchor, Tj) > T and Tj has a low usage frequency}

5 Neg = {Tx | S(Tanchor, T) < T}

6 if INeg!| < Byeg then

7 Neg = Neg U Random sampling of global trajectories

8 end if

9: B = {T,uchor, Pos, Neg}

10: return B

This organizational approach provides a clear optimization objective for contrastive
learning. By dynamically reorganizing batches across different training rounds, this strategy
enhances the diversity and balance of samples while maintaining the semantic relevance of
positive and negative samples. This contributes to enhancing training stability and improv-
ing the discriminative power of the learned representations, thereby effectively mitigating
modeling biases caused by the uneven spatiotemporal distribution of trajectory data.

The threshold-based splitting may occasionally misclassify trajectories sharing similar
high-level travel intentions as negatives. As a comprehensive approach, the hybrid similar-
ity measure combines both behavioral and structural information, reducing the likelihood
of such cases. Additionally, contrastive learning helps to tolerate a moderate fraction of
false negatives [40].

4.4. Contrastive Learning Optimization

A contrastive learning mechanism is introduced into the optimization objective to
enhance the consistency and discriminability of the model’s representations across different
trajectory perspectives. For the reconstruction of trajectory sequences, this paper designed
mask language modeling (MLM) losses for both path trajectories and GPS trajectories.
By randomly masking some elements in the trajectory sequence and using the model to
make predictions, it is possible to effectively enhance the model’s context modeling ability,
thereby improving its understanding of trajectory semantics.

ﬁroutem]m = CrossEntropyLoss (MLMHead( )’ ymusked) ’ )

h""”""joint

Leps = CrossEntropyLoss <MLMHgﬂd(hgp5joim)/ymaskﬁd)' (4)

The overall optimization function after the introduction of contrastive learning consists
of multi-task joint components, including masked language modeling losses for path
trajectories and GPS trajectories, trajectory matching losses, and dual contrastive learning
losses. On this basis, a dynamic weight strategy is adopted to balance each part, resulting
in the final overall loss function.

Croutemlm + Egpsmlm + 2Lonatcn + Aci (Egpscl + Eroutq,)
3+42M\y

. )

ﬁtaml =

Secondly, this paper introduces a trajectory matching loss to explicitly align the repre-
sentations of the GPS and path trajectory perspectives. This part uses the contrastive target
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based on InfoNCE, enabling the model to learn consistency and discriminability in the
cross-modal representation space, thereby ensuring that the two trajectory representations
remain aligned at the semantic level.

Liaten = InfoNCE (ngs/ Zroute, T) . (6)

Based on this, this paper further designed a dual contrast learning objective, which
was applied to both GPS trajectories and path trajectories. Specifically, for each anchor
trajectory representation, the model needs to distinguish positive and negative samples
in the similarity space, maximize the consistency between the anchor and the positive
sample, and minimize its similarity to the negative sample. This not only enhances the
discriminative ability under the same trajectory perspective, but also strengthens the
model’s ability to model complex trajectory relationships at the structural perception level.

©) @)

exp Zgps " Zgps
18 T
Egpscl = _?lgl ln zé(])g)s ' z((glgs z((gop)s . ng];)s ’ (7)
e ey R P e e
(Zggztte ) Zf’(?ute)
exp | 0
_ 1 3 l ! 8
Lrouiea = = p 2 I S0 0 OGN
- p route route N route route
Yj_jexp (T ) + Y exp (T )

Furthermore, to prevent the contrastive learning from overly dominating the opti-
mization process in the early stages of training, this paper employs a linear decay strategy
to dynamically adjust the weights of contrastive learning. As the training progresses, the
relative weight of the contrastive learning loss gradually decreases, enabling the model to
focus more on the reconstruction and cross-modal alignment tasks in the later stages.

epoch
NUMepochs

Act = Minitial — (/\mitial - /\fmal) X )

Finally, before calculating the contrastive learning loss, all trajectory embedding
representations are normalized by L2 to improve the stability of similarity calculation and
the consistency of the numerical scale.

5. Experiment
5.1. Dataset

To verify the effectiveness and generalization ability of the AnchorTRL model, this
paper selected two publicly available real urban trajectory datasets, Chengdu and Xi’an, as
the experimental datasets. As shown in Table 1, both of these datasets are derived from real
ride-hailing operation records, and cover rich urban road network structures and diverse
vehicle movement behaviors.

The trajectory data have all undergone preprocessing, including map matching, outlier
removal, time alignment, etc., so as to achieve that each trajectory consists of a continuous
sequence of road segments and is accompanied by accurate timestamp information. In
addition, the dataset also contains rich contextual information, such as the departure time,
travel duration, and passing road sections of each trajectory, providing a foundation for
multi-dimensional feature extraction and semantic modeling.
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Table 1. Information of Chengdu and Xi’an datasets, where # means the number of.

Dataset Chengdu Xi'an
Region size (km?) 68.26 65.62
#Road segment 6450 4996
#Road edges 16,398 11,864
#Trajectories 2,140,129 1,289,037

This paper conducted a statistical analysis and visualization of the trajectory dataset
to illustrate the uneven distribution of trajectory data across urban space and time. As
shown in Figures 2 and 3, the trajectory data in Chengdu and Xi’an exhibit pronounced
non-uniform characteristics in the spatiotemporal dimension. Spatially, the trajectories are
highly concentrated within the core urban road networks and main arterial roads, forming
distinct hotspots, while peripheral areas display sparse data coverage. Temporally, the
trajectory flow demonstrates a typical bimodal pattern, with dense activity during morning
and evening commuting peaks and significantly fewer trajectories during nighttime and
early morning hours. This inherent distributional imbalance underscores the limitations of
traditional uniform-sampling models and validates the necessity of the anchor enhancement
method proposed in this paper.
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Figure 2. Spatial distribution of trajectory data visualized by traffic density. The color intensity
indicates the volume of traffic on each road segment, with higher density areas representing trajectory
hotspots.
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Figure 3. Temporal distribution of trajectory data in (a) Chengdu and (b) Xi’an.
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5.2. Evaluation Metrics

To evaluate the quality of the trajectory representations output, this paper employs
travel time estimation and a similar trajectory query for assessment. In the travel time
estimation task, the model takes the vector representation of the trajectory as input and
predicts its total travel time through a regression layer. The performance of this task is
measured by two metrics, mean absolute error (MAE) and root mean square error (RMSE).
The lower the values of these metrics, the more effective the spatiotemporal features
captured by the model are for time prediction.

In the similar trajectory query task, the aim is to test the model’s perception and
generalization ability of the high-level semantics of trajectories. Given a query trajectory,
the pre-trained model encodes it into a low-dimensional vector, and then retrieves the top-k
trajectories with the highest cosine similarity from a large trajectory database. To construct
a test set with semantic challenges, this task adopts a key trajectory generation method
based on detour strategies, which constructs trajectory pairs that are different in specific
paths but similar in travel intentions by replacing local sub-paths in the original trajectory
while keeping the start and end points unchanged. Ultimately, this task comprehensively
evaluates the model’s semantic discrimination ability by calculating the mean rank (MR),
defined as the average of the 0-indexed positions (i.e., the top match has rank 0) of the
ground-truth trajectory among queries that are successfully retrieved in the top-K results.
This ensures that MR reflects the average retrieval quality only for successfully retrieved
queries. The top-10 hit rate (HR@10) and the number of completely missed hits (No Hit)
are also reported for these trajectories in the retrieval results. The No Hit count is an
absolute count (not a ratio) of query trajectories whose top-K predictions fail to match any
ground-truth trajectory, and it is averaged over all evaluation splits. The lower the average
rank and the higher the hit rate, the more robust the model’s representation of trajectory
behavior semantics and the stronger its generalization ability.

5.3. Experiment Setting

This paper evaluated AnchorTRL and the baseline on a server equipped with Intel
Core i7-10700 CPU @ 2.90 GHz and NVIDIA GeForce RTX 3090 with 24 GB memory. All
models were implemented using Python 3.8 and Pytorch 1.10.0. The experiments were
conducted on Ubuntu 18.04 and CUDA 11.1. For the anchor selection module, « is set to
the average trajectory length of each dataset, which is 15 in Chengdu and Xi’an.

5.4. Baselines

This paper selects nine trajectory representation learning models as the baselines,
including three types of baselines: graph-based trajectory representation learning, GPS-
based trajectory representation learning, and route-based trajectory representation learning.
Moreover, these baselines are chosen to cover classic embedding methods, early deep
learning approaches, and recent state-of-the-art models. This diverse selection enables
a comprehensive evaluation of AnchorTRL against methods with different architectural
designs and learning objectives. All the baseline hyperparameters are set according to the
recommended values from original papers.

The representational ability of graph-based representation learning methods mainly
stems from the graph structure of the road network topology. Specifically, Word2vec [13]
regards road segments as “words” and learns embeddings based on co-occurrence rela-
tionships using the Skip-gram model, while trajectories are represented as the average
of road segment embeddings. Node2vec [14] generates random walk sequences on the
road network graph to learn node embeddings, and trajectories are represented as the
average of road segment embeddings. GAE [15] learns node embeddings by reconstructing
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the adjacency matrix through a graph autoencoder, and trajectories are represented as the
average of road segment embeddings.

The representational ability of the trajectory representation learning method based
on GPS stems from the learning of sequential information from individual trajectory data.
Specifically, Traj2vec [16] uses a Seq25eq model to directly encode the feature sequences of
GPS points to generate trajectory representations.

Based on the route-based trajectory representation learning, the integration of road
network topology and sequence dependence enhances the representation ability of trajecto-
ries. Specifically, Toast [21] combines Skip-gram pre-training with masked language model
(MLM) and trajectory discrimination task to learn road segment embeddings, and the
trajectory representation is the average of road segment embeddings. PIM [19] learns road
segment embeddings through contrastive learning (the shortest path as positive samples,
node swapping as negative samples), and the trajectory representation is the average of
road segment embeddings. START [20] integrates travel semantics and temporal continuity,
and optimizes through self-supervised tasks, and the trajectory representation is output by
Transformer encoding. JCRLNT [27] combines a graph encoder and trajectory encoder, and
learns through three contrastive tasks, and the trajectory representation is the output of
joint encoding. JGRM [24] uses a graph encoder and trajectory encoder to jointly model
GPS information and Route information, learns a unified representation, and finally gen-
erates trajectory embeddings that integrate spatiotemporal and topological information.
GREEN [25] exploits the complementarity of grid trajectories and road network trajectories
for multimodal fusion through dual encoders and contrastive learning.

5.5. Overall Results

Tables 2 and 3 respectively present the experimental results of the proposed model
and baselines on two real traffic datasets from Chengdu and Xi’an. The results show that
AnchorTRL has achieved improvements in both the travel time estimation task and the
similarity query task, showing the advantages of this framework in terms of trajectory rep-
resentation quality and multi-tasking. This can be explained by the introduction of anchor
trajectories that cover the spatiotemporal and behavioral diversity within the trajectory
distribution. By balancing the learning degree of multi-dimensional data distributions
through the AGRAM module, the overall performance of the model is thereby enhanced.

Table 2. Experimental results on the Chengdu dataset.

Model Travel Time Estimation Top-k Similar Trajectory Query
ode MAE RMSE MR HR@10 No Hit
Word2vec 87.16 115.66 12.44 0.800 0
Node2vec 88.12 117.38 4.10 0.913 0
Traj2vec 99.07 128.44 67.59 0.550 839.2
Toast 86.01 114.21 5.92 0.870 0
PIM 87.65 116.53 511 0.890 0
START 89.72 117.99 6.94 0.909 30.7
JCRLNT 100.11 129.59 20.02 0.732 0.6
JGRM 82.29 110.19 2.04 0.950 0
GREEN 74.21 98.31 1.51 0.969 0
AnchorTRL 66.52 93.30 0.70 0.984 0

In the travel time estimation task, the AnchorTRL model achieved the best perfor-
mance among all baselines. It outperformed the comparison methods by improving MAE
by 19% and RMSE by 15% on the Chengdu dataset, and by 17% (MAE) and 13% (RMSE) on
the Xi’an dataset. Since AnchorTRL builds upon the same dual-view encoder architecture
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as JGRM, the consistent and substantial gains observed across both datasets can be largely
attributed to the anchor-guided learning strategy. During training, the anchor-guided
mechanism effectively compressed the distance between similar trajectories in the repre-
sentation space through contrastive learning, facilitating the learning of more consistent
trajectory embeddings. This anchor-driven clustering effect directly enhanced the stability
and accuracy of travel time estimation. Moreover, the path coverage objective of the an-
chors ensured that trajectories across different spatial regions and temporal periods were
sufficiently represented during training. As a result, the model mitigated overfitting to
specific frequent routes and demonstrated superior overall generalization performance.

Table 3. Experimental results on the Xi’an dataset.

Model Travel Time Estimation Top-k Similar Trajectory Query
ode MAE RMSE MR HR@10 No Hit
Word2vec 104.59 137.07 4.09 0.903 0
Node2vec 92.98 129.97 5.80 0.862 0
Traj2vec 107.90 144.25 51.61 0.622 361.5

Toast 9291 129.34 5.01 0.869 0
PIM 91.07 123.60 424 0.895 0

START 105.83 138.64 2.52 0.928 6.7
JCRLNT 100.88 133.85 13.43 0.766 0
JGRM 87.17 119.25 2.77 0.929 0
GREEN 78.31 108.11 2.23 0.948 0
AnchorTRL 71.72 103.05 0.96 0.979 0

In the similarity query task, GREEN incorporates a deep bidirectional alignment
mechanism for grids and roads, which enables it to outperform JGRM. AnchorTRL still
outperformed it in terms of the MR and HR@10 metrics on the Chengdu dataset by 53.6%
and 1.5%, respectively, and by 57.0% and 3.3% on the Xi’an dataset. This is mainly because
AnchorTRL better captures the overall semantics of trajectories, and AGRAM provides a
robust similarity calculation strategy. AnchorTRL uses cosine similarity to measure the
similarity of trajectories in multi-dimensional behavioral features such as speed, accelera-
tion, and steering angle, capturing the dynamic patterns of the trajectories. Additionally,
AnchorTRL introduces path-level Jaccard overlap, emphasizing the structural similarity
of trajectories at the road topology level. This approach makes the model learn more
comprehensive trajectory similarity relationships, thereby improving its performance in
downstream tasks.

6. Discussion
6.1. Ablation Study

In this paper, AnchorTRL introduces multiple modules or strategies to enhance the
representation of trajectories. To examine their contributions to the overall performance, a
set of ablation experiments is designed in this paper on the Chengdu dataset. Specifically,
w /0 STASM means removing anchor selection during the batch construction stage, which
randomly selects trajectories as references; w/o Jaccard means removing the path overlap
degree from the similarity calculation and only retaining the feature similarity; w/o similar-
ity means removing the feature similarity from the similarity calculation and only retaining
the Jaccard path overlap degree; w/0o AGRAM means canceling the greedy anchor selection
algorithm based on coverage gain and replacing it with random generation of training
batches; w/o cl means removing the contrastive learning loss and relying only on the basic
representation for training; w/o cl_weight means removing the weight decay mechanism
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in contrastive learning and treating positive and negative samples equally; w/o temporal
gain sets a as 0, which means removing the temporal gain in the STASM.

Table 4 shows the performance of each variant in the final task. From the experimental
results, the complete model has the best performance, indicating that the collaborative
effect of each module significantly improves the representation quality. After removing
STASM, MAE and RMSE significantly increase, MR increases from 0.70 to 2.55, and No
Hit reaches 5.5. This simulates the typical failure scenario of traditional methods when
dealing with complexly distributed data. It shows that the anchor selection based on
coverage is the foundation for constructing a stable and unbiased representation space.
When Jaccard is removed, although MAE and RMSE increase slightly, MR decreases to 0.48.
This indicates that the path overlap degree is important in spatial consistency modeling,
but semantic discrimination mainly relies on feature similarity. Removing feature similarity
leads to MR rising to 1.81 and HR@10 dropping to 0.958, indicating that relying solely on
path overlap degree is difficult to ensure semantic discrimination. Removing AGRAM
results in the worst MAE/RMSE, indicating that the greedy strategy based on coverage
gain can effectively avoid data bias caused by random sampling. Removing contrastive
learning also causes a significant performance drop, with MR rising to 2.02 and HR@10
dropping to 0.953. This shows that contrastive optimization is the key to strengthening
discrimination. Removing the cl_weight only results in overall performance close to the
complete model, but MR and No Hit increase slightly, indicating that the hard example
weighting mechanism can further improve stability. The w/o temporal gain result confirms
that the temporal prior, while not the primary driver, still offers complementary value in
anchor selection.

Table 4. The results of the ablation experiment.

Model Travel Time Estimation Top-k Similar Trajectory Query
e MAE RMSE MR HR@10 No Hit

AnchorTRL 66.52 93.30 0.70 0.984 0

w/o STASM 69.95 97.12 2.55 0.963 5.5
w /o Jaccard 67.93 94.84 0.48 0.989 0
w/o similarity 69.08 96.26 1.81 0.958 0
w/0o AGRAM 71.20 98.31 1.00 0.979 0
w/ocl 69.46 96.61 2.02 0.953 0

w/o cl_weight 66.72 93.54 0.88 0.990 19
w/o temporal gain 67.20 94.12 1.33 0.976 0

6.2. Effectiveness on Underrepresented Spatiotemporal Trajectories

To validate the robustness of AnchorTRL in handling spatiotemporally imbalanced
data, this section further divides the Chengdu test set trajectories into four subsets based on
the definitions of trajectory popularity attributes presented in Section 3: Spatially Unpopu-
lar, Spatially Popular, Temporally Unpopular, and Temporally Popular. Table 5 presents
the performance comparison between AnchorTRL and the baseline model JGRM on these
subsets for the tasks of travel time estimation and similar trajectory query, evaluated via
MAE and MR respectively.

The experimental results indicate that AnchorTRL achieves significant performance
improvements over JGRM across all four subsets. Notably, on the Spatially Unpopular and
Temporally Unpopular subsets, AnchorTRL reduces MAE by 23.1% and 23.0%, and MR by
70.1% and 71.4%, respectively. These results strongly demonstrate that AnchorTRL effec-
tively mitigates model bias caused by uneven data distribution and substantially enhances
the model’s ability to perceive and model underrepresented trajectories. Meanwhile, on the
Spatially Popular and Temporally Popular subsets, AnchorTRL also reduces MAE by 16.7%

https:/ /doi.org/10.3390/1jgi15070321


https://doi.org/10.3390/ijgi15070321

ISPRS Int. ]. Geo-Inf. 2026, 15, 321

16 of 21

and 15.6%, and MR by 64.0% and 64.3%, respectively, indicating that the anchor-guided
balanced learning strategy universally improves overall representation quality.

Table 5. Performance comparison on trajectory subsets with different spatiotemporal popularity.
MAE and MR are reported for travel time estimation and similar trajectory query tasks, respectively.

Subset Metric JGRM AnchorTRL Improvement
Spatially MAE 96.50 74.20 —23.1%
unpopular MR 4.85 1.45 —70.1%
Spatially MAE 73.80 61.50 —16.7%
popular MR 1.25 0.45 —64.0%
Temporally MAE 93.20 71.80 —23.0%
unpopular MR 4.20 1.20 —71.4%
Temporally MAE 75.10 63.40 —15.6%
popular MR 1.40 0.50 —64.3%

6.3. Influence of Anchor Selection Strategy

This paper compared the effects of different anchor generation methods to the perfor-
mance of AnchorTRL on the Chengdu dataset. Specifically, AnchorTRL uses the greedy
anchor selection algorithm based on coverage gain proposed in this paper. Random means
randomly selecting anchors from the trajectory set. Frequency means prioritizing trajec-
tories with high occurrence frequency or a large number of covered sections as anchors;
K-Means means first running K-Means clustering in the trajectory feature space, and then
replacing the cluster centers with the closest real trajectories as anchors.

The experimental results in Table 6 show that AnchorTRL achieved the best per-
formance in both travel time estimation and similar trajectory query tasks. This can be
explained that the greedy selection driven by coverage gain can provide high-quality
references while ensuring spatiotemporal diversity and semantic coverage. In contrast,
random was slightly inferior to AnchorTRL, indicating that random selection lacks keyness.
However, it still ensures a certain baseline performance when the data volume is sufficient.
Frequency performed the worst, especially in similar queries, with MR reaching 7.39 and
HR@10 dropping to 0.871. This shows that over-reliance on high-frequency trajectories
leads to severe bias towards common patterns, thereby weakening the model’s ability to
model the long-tail or low-frequency behaviors. K-Means performed better than random
and frequency, but still lagged behind AnchorTRL. The reason is that although clustering
can ensure the coverage of anchors, K-Means is based only on geometric features and
ignores the spatiotemporal semantic diversity of trajectories, thus still having deviations.
Overall, the experimental results indicate that the greedy anchor selection strategy of
AnchorTRL can achieve a balance between randomness, coverage, and keyness, thereby
ensuring the superior performance of the model in downstream tasks.

Table 6. The influence of different anchor selection strategies on the model results.

Model Travel Time Estimation Top-k Similar Trajectory Query
ode
MAE RMSE MR HR@10 No Hit
AnchorTRL 66.52 93.30 0.70 0.984 0
Random 69.21 96.46 0.77 0.982 0
Frequency 70.76 98.34 7.39 0.871 25
K-Means 68.74 96.24 1.84 0.964 0.5
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6.4. Migration Experiments Across Cities

The migration experiments in this paper aim to verify the generalization ability of
AnchorTRL in cross-city scenarios. That is, it examines whether the model can transfer the
trajectory representations learned in the source city to the target city, thereby improving
the prediction performance in cases where the data distribution is different. Specifically,
using the real city trajectory datasets of Chengdu and Xi’an as the experimental objects,
two transfer modes, namely zero-shot (training directly in the source city and then testing
in the target city) and fine-tuning (performing a small amount of fine-tuning on the target
city before testing), were set. The transfer effect of the model was evaluated through the
travel time estimation task. For fine-tuning, we randomly sample 5000 trajectories from
the target city and train for 20 epochs using the same composite loss in Equation (3) as in
pre-training. The road embedding layer and MLM heads are re-initialized to match the
target city’s vocabulary size, while other parameters are initialized from the source-city
pre-trained weights. MAE and RMSE are used only for downstream evaluation, not as
training objectives.

As shown in Table 7, in the zero-shot scenario, the model had larger MAE and RMSE
values for the “Chengdu—Xi’an”, which were 82.77 and 114.31, respectively. While the
error for the “Xi’an—Chengdu” direction was relatively lower. This indicates that the
data distribution in Chengdu is more complex, and direct cross-domain transfer is more
challenging. After fine-tuning, the indicators for both transfer directions have improved
to varying degrees. Among them, the error for “Chengdu—Xi’an” decreased significantly.
This indicates that the trajectory representation learned by AnchorTRL exhibits cross-
domain transferability, and that fine-tuning effectively alleviates the impact of inter-city
distribution discrepancies. These results indicate the robustness and out-of-distribution
generalization ability of AnchorTRL.

Table 7. Evaluation of the model’s migration capability across cities.

Travel Time Estimation

Type Direction

MAE RMSE

d . Chengdu — Chengdu 66.52 93.30
n-domam Xi'an — Xi’an 71.72 103.05
h Chengdu — Xi’an 82.78 114.31

zero shot Xi’an — Chengdu 63.55 88.82
fine-tunin Chengdu — Xi'an 75.37 106.92
& Xi’an — Chengdu 61.68 86.81

6.5. Effect of Training Data Size

This section focuses on examining the impact of the size of the training data on the
performance of the AnchorTRL model. Specifically, the experiment selected the trajectory
data of Chengdu city from 1 November to different end dates as the training set, gradually
increasing the number of days, and evaluated the performance of travel time estimation
and similar trajectory queries on a unified test set. As the number of training data days
increased, the performance differences of the model under different scale data reflected the
sensitivity of AnchorTRL to the data size.

Table 8 shows that as the training data increased, the model performance steadily
improved and gradually converged. In travel time estimation, MAE and RMSE fluctuated
around 70 in the early stages but dropped below 68 after 10 November, reaching the best
results on 14 November, suggesting that larger-scale data helps the model learn more
stable spatiotemporal features. In the similar trajectory query task, the MR value decreased
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rapidly with more data, reaching 0.34 on 13 November, while HR@10 remained around 0.99
and No Hit approached 0. These results indicate that AnchorTRL benefits from larger and
more diverse training data, which enhances the robustness and semantic coverage of its
anchor system, demonstrating the model’s scalability and stability under data expansion.

Table 8. The impact of training with different numbers of trajectories on the model’s results.

Training Data Travel Time Estimation Top-k Similar Trajectory Query

Range MAE RMSE MR HR@10 No Hit
1101-1101 70.34 97.30 6.08 0.943 14.2
1101-1102 70.94 97.72 2.76 0.969 6.2
1101-1103 70.65 98.12 2.68 0.969 4.6
1101-1104 70.18 96.73 0.80 0.987 0.8
1101-1105 70.55 97.37 1.49 0.981 23
1101-1106 69.48 96.13 0.92 0.985 0.6
1101-1107 70.87 97.31 0.56 0.991 0.4
1101-1108 69.94 97.01 0.80 0.985 0.3
1101-1109 70.31 97.17 0.74 0.984 0.2
1101-1110 68.03 94.70 0.43 0.991 0.0
1101-1111 67.36 93.87 0.46 0.991 0.0
1101-1112 67.67 94.66 0.46 0.990 0.0
1101-1113 67.58 94.68 0.34 0.993 0.0
1101-1114 66.52 93.30 0.70 0.984 0.0

6.6. Training Convergence Curve

To evaluate the training stability and convergence efficiency of the AnchorTRL model,
this paper monitored the total loss change curve during its training process, as shown
in Figure 4. The experiment compared two configurations. The left figure shows the
convergence situation of the w/o cl_weight, which is mentioned in the Section 6.1, while
the right figure shows the convergence situation of the model with the introduced linearly
decaying weight mechanism for the contrast loss. The vertical axis represents the total loss
value, and the horizontal axis represents the number of training steps.

3 w/o cl_weight AnchorTRL
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Figure 4. The convergence graph of the training loss for w/o cl_weight and AnchorTRL.

In the early training stage, both configurations exhibited similar downward trends,
as the contrastive loss dominated the optimization and guided the model to learn the
global semantic structure of trajectories. In the later stage, the curves began to diverge,
with the decay mechanism leading to smoother and faster convergence. After 20,000 steps,
AnchorTRL exhibited a more pronounced downward trend in loss compared to the variant
without decay. By gradually reducing the weight of the contrastive loss, the model achieves
adaptive gradient balancing, allowing it to better capture local contextual and fine-grained
semantic features, thereby improving generalization.
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6.7. Efficiency Analysis

To further examine the model’s performance, this section evaluates the computational
efficiency of AnchorTRL against JGRM across five metrics on the Chengdu dataset, includ-
ing preprocessing time, training time per epoch, inference time per trajectory, and memory
consumption, as summarized in Table 9.

Table 9. Comparison of Computational Efficiency on Chengdu Dataset.

Metrics JGRM AnchorTRL Delta

Preprocess time (min) 1.10 41.32 +40.22
Training time (min/epoch) 26.49 22.01 —16.9%
Inference time (ms/traj) 3.15 3.10 —1.6%
GPU memory consumption (GB) 412 423 +2.7%
CPU memory consumption (GB) 7.10 8.57 +20.7%

As shown in the table, AnchorTRL’s offline preprocessing time takes 41.32 min due
to adopting the greedy anchor selection algorithm and similarity matrix construction,
which is significantly longer than the baseline model’s 1.10 min. Note that the operation is
executed only once before training, and its outputs are stored for later use during training.
In return, AnchorTRL achieves a training time of 22.01 min/epoch, reducing the baseline’s
26.49 min/epoch by 16.9%. This speedup stems from pre-generated batch indices that
eliminate online sampling overhead. For model inference, AnchorTRL maintains virtually
identical latency to the baseline, as the anchor mechanism is decoupled from the inference
pipeline and introduces no additional online delay. Regarding memory, AnchorTRL uses
4.23 GB of GPU memory, only 2.7% more than the baseline, while CPU memory increases
by 20.7% to 8.57 GB, primarily due to the persistently stored similarity matrix and pre-
generated batch lists. These results indicate that the anchor-guided strategy effectively
shifts computational overhead from online training to offline preparation, yielding 16.9%
per-epoch acceleration without compromising inference efficiency. This characteristic
is particularly advantageous for large-scale pre-training scenarios where the one-time
preprocessing cost is well amortized.

7. Conclusions

This paper identifies the critical yet under-explored challenge of spatiotemporal dis-
tribution bias in urban trajectory data, which leads to biased representations and poor
performance in urban downstream tasks. To address this fundamental issue, this paper
introduces AnchorTRL, a novel trajectory representation learning framework built upon
the perspective of anchor-guided balanced learning. AnchorTRL establishes a stable ref-
erence system through spatiotemporal anchors, employing an anchor-guided contrastive
learning strategy and a dynamic balanced sampling mechanism to steer the model towards
learning balanced and distribution-invariant representations for robust urban environment
perception. This paper provides a foundational step towards constructing more reliable
and robust trajectory intelligence systems for real-world deployment.

One limitation of this paper lies in that it has only been validated on two city datasets.
Future work should test its generalization ability in more heterogeneous urban environ-
ments and spatial contexts. Additionally, it is worthwhile to explore the introduction
of multimodal signals and context-aware mechanisms to further enhance the depth and
practicality of trajectory semantic understanding.
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