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Trajectory similarity computation is fundamental to spatial data management. Recent representation learning
methods have advanced similarity computation through neural embeddings, yet they rely on naive random
sampling of training data, overlooking strategic data selection that determines learning effectiveness. Existing
data selection paradigms are not suitable due to their requirement for labeled trajectory pairs with prohibitive
cost. We present GoodTP, a novel framework that addresses challenges in data selection for trajectory similarity
learning. First, the framework reformulates the expensive pair selection into iterative trajectory selection
that dynamically constructs and evaluates pairs, eliminating exhaustive pairwise similarity pre-computation.
Second, we design a hierarchical clustering tree that organizes trajectories across multiple granularities. We
model selection as tree sampling optimization via Monte Carlo Tree Search (MCTS), efficiently navigating the
exponential policy space. Third, we bridge the local-to-global optimization gap through two complementary
mechanisms: (1) An effective learned policy based on Upper Confidence Bound (UCB) balances exploration-
exploitation with provable convergence guarantees. (2) Cache-enhanced bilevel optimization learns instance-
specific weights that align new pairs with accumulated global pairs while jointly optimizing model parameters.
Extensive experiments across representative trajectory similarity models on real-world datasets demonstrate
that GoodTP achieves substantial performance improvements.
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1 Introduction

Trajectory similarity computation is a fundamental cornerstone of spatial data management [13, 14,
21, 40, 42], enabling critical applications including trajectory clustering [4, 18, 33, 50], similarity-
based querying [12, 20, 38, 53], and intelligent traffic optimization [34, 37, 54-56]. While classical
point-matching metrics such as DTW [1, 51], EDR [11], and Hausdorff distance [2] provide the-
oretical foundations, their super-quadratic time complexity creates prohibitive computational
bottlenecks for large-scale trajectory datasets.

To address these scalability challenges, recent advances have adopted representation learning
approaches [6, 8, 28, 45, 46, 48, 49]. These methods leverage neural network models to map trajec-
tories to vector embeddings and measure similarity via efficient distance metrics (e.g., Euclidean
distance) in the embedding space. The models are trained using supervised learning on trajectory
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pairs labeled with ground-truth similarities (e.g., DTW). However, a critical yet overlooked
aspect is how training trajectory pairs are selected. Given N trajectories, one could construct
O(N?) possible pairs. When N is large (e.g., millions), training on all pairs becomes computationally
expensive, especially in streaming settings. Moreover, not all pairs contribute equally to learning.
Training on low-utility pairs (i.e., identical or extremely dissimilar trajectories) cannot improve the
model’s ability to capture meaningful similarity patterns. However, existing learning methods [9]
rely on naive random sampling without identifying which trajectory pairs are most valuable for
learning.

Traditional data selection methods for tasks such as data classification fall into two categories. The
first consists of selection-before-training approaches, which identify core training subsets using
static metrics computed prior to model training. These methods typically rely on gradient-based
computations [24, 44] or clustering-based gradient approximations [7] to determine which data
samples are most informative for training. While computationally efficient, these methods cannot
adapt to evolving model capabilities during training. The second category comprises Iterative
dynamic selection methods [26, 32, 61], which continuously adapt selection strategies through
active/curriculum learning that optimizes training data round-by-round. Despite their success on
traditional tasks, three key challenges remain unaddressed for trajectory similarity learning:

Challenge 1 (C1): The Prohibitive Cost of Pair Labeling. Traditional data selection methods
rely on labeled training data to guide selection decisions. However, obtaining ground-truth similarity
labels for all trajectory pairs is prohibitively expensive. For 1 million trajectories, this means
approximately 0.5 trillion pairs. When using accurate similarity metrics like DTW with super-linear
complexity, pre-computing all pairs becomes highly expensive. Consequently, how can we identify
high-utility training pairs without exhaustively pre-computing ground-truth similarities?

Challenge 2 (C2): The Exponential Policy Space. Traditional data selection evaluates sam-
ples independently with O(N) complexity. However, trajectory similarity learning depends on
relationships between trajectories, where each trajectory’s quality must be assessed based on its
interactions with other trajectories through the pairs it forms. While pairwise interactions scale as
O(N?), the core challenge lies in selecting subsets of trajectories whose joint interactions determine
training quality. The number of such subsets grows exponentially with the number of trajectories,
making exhaustive search intractable. Therefore, how can we efficiently search the exponential policy
space while accounting for correlations among trajectories?

Challenge 3 (C3): The Local-to-Global Optimization Gap. Trajectory informativeness
evolves during training, making data selection inherently dynamic. However, existing methods
optimize only at the local level, meaning trajectory selection within each round, rather than at the
global level across the entire training process. Static approaches use fixed metrics that cannot adapt
to changing model needs [44], while iterative methods optimize each round independently without
considering cumulative effects across the training process [26, 61]. This greedy round-by-round
selection ignores how early-round choices constrain later opportunities, resulting in suboptimal
overall training distributions. Therefore, how can we bridge the gap between locally greedy decisions
and globally optimal selection?

Our Solution: We present GoodTP, a novel framework that addresses three challenges:
Addressing C1: Rather than directly selecting pairs from the expensive O(n?) space, we reformulate
the problem by converting it into a trajectory selection task. Our framework first selects informative
trajectories, then dynamically constructs training pairs from these selected trajectories, and finally
evaluates the quality of constructed pairs to provide feedback for trajectory selection decisions. This
trajectory-centric paradigm elegantly sidesteps the need to pre-compute ground-truth similarities
across all pairs.
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Table 1. Summary of Notations

Symbol Description
T/T4/T?, pi, T Trajectory, trajectory point, trajectory dataset
|T|, N Number of points in T, number of trajectories
£, g9 Similarity score, learning model
T P train/ T Pval/T P, B Training/validation/cached pairs, budget
f(T), fi...fr.p Feature vector, seven features, trajectory centroid
I,C[jl,K Cluster tree index, cluster, branching factor
Tc, S trajectory subset in the cluster C, Selected subset
a, Sampling strategy, traversal policy
0/0/v, ay, r Action/expansion/data node, action, allocation ratios
b,n, R, U(v) Cumulative reward, visit count, reward, UCT utility
wilwij, €. (60) Trajectory/pair weight, pair loss
Lirain/ Lvat, @, B, I Train/val loss, learning rates, iterations

Addressing C2: To tackle the exponential policy space challenge, we design a hierarchical clustering
tree that organizes trajectories across multiple levels through top-down recursive partitioning. This
structure naturally groups correlated trajectories into manageable clusters and reduces the selection
space by enabling cluster-level operations. We then model the trajectory selection problem as an
optimization problem of sampling from this tree structure, which allows us to leverage Monte
Carlo Tree Search (MCTS) [5] for efficient navigation. Our heterogeneous policy tree contains
action nodes that decide whether to sample from a cluster or explore its sub-clusters, and expansion
nodes that determine optimal sampling ratios across sub-clusters. This MCTS-based approach
dramatically accelerates sampling efficiency by intelligently pruning the exponential search space
through strategic tree traversal.

Addressing C3: To address the gap between per-round selection and overall training objectives,

we introduce two complementary mechanisms. First, we adopt a policy learning strategy based

on Upper Confidence Bound (UCB) [22] to guide trajectory selection across rounds. Instead of
optimizing each round independently, this policy leverages feedback from previous rounds to
balance exploration and exploitation, enabling consistent improvement over the entire training
process with theoretical convergence guarantees. Second, we introduce a cache-enhanced weighted
learning scheme to maintain global consistency. We store high-quality trajectory pairs from previous
rounds and use them as a reference distribution. For newly constructed pairs, we solve a bilevel
optimization problem where the upper level learns weights to align new pairs with the cached
distribution, and the lower level updates model parameters using these weights.

In summary, we make the following contributions:

o We integrate trajectory selection into trajectory similarity learning, establishing an effective
trajectory selection optimization framework for the learning. (Sec. 2 and 3)

e We design a hierarchical clustering index and model selection as sampling policy optimization
over clustering trees, providing an effective MCTS-based policy learning method with theoretical
guarantees. (Sec. 4 and 5)

e We incorporate a cache-enhanced weighting mechanism with bilevel online optimization to
jointly reweight pairs and learn similarity model parameters. (Sec. 6)

e We demonstrate significant improvements across four representative trajectory similarity models
on three real-world datasets, validating our approach’s effectiveness. (Sec. 7)

2 Preliminary
2.1 Basic Concepts

Trajectory. A trajectory T = [py,...,pj7|] is a sequence of GPS-sampled points. Each point
pi = (x3,y;) or p; = (x3,y;, t;) represents spatial coordinates (latitude, longitude) with an optional
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temporal dimension. Following work [8, 48], we adopt 2-dimensional points for simplicity, noting
that extension to 3-dimensional trajectories is straightforward.
Trajectory Similarity. Given two trajectories T¢ = [p{,... ,pral] and T = [pi’, e ’prTbl]’ the

similarity between T¢ and T? is quantified using distance metrics that compare their respective point
sequences [p?,... ’pIaT“I] and [p?,... ’prT”I]' Common metrics include DTW[51], Hausdorff[2],
LCSS[39], and Fréchet[16]. For simplicity, we employ DTW as our primary similarity due to its
widespread adoption in trajectory analysis applications.

ﬁwi = DTW[plaT“I’pf’m]
DTW [p{, p}] = dist(p{, p}) + min{DTW [p{_ . p}], (1)
DTW [p{, p}_,1, DTW [p{y, pj_11}

where dist(p?, p?) is the distance between p{ and p? which can be the Euclidean distance or another
suitable metric depending on the point definition.

Trajectory Similarity Learning. Computing exact trajectory distances has O(|T|?) complex-
ity, where |T| denotes the number of trajectory points, making it computationally prohibitive
for large-scale applications. Trajectory similarity learning addresses this challenge by training
lightweight models to approximate similarity computations. Given a parameterized model gy (-, -),
the learning objective is formulated as: argming Y. ra 1o fabye o, 10ss(go (T, %), fob), where
7 Pirain represents the training dataset comprising trajectory pairs with ground-truth similarity
labels, and loss(,-) is the loss function that measures the discrepancy between predicted and
ground-truth similarities. Table 1 summarizes the main notations.

2.2 Problem Formulation

Data Selection for Trajectory Similarity Learning (TSL). Given a large collection of trajectories
7", constructing training data for TSL by enumerating all possible trajectory pairs is computationally
prohibitive. With N trajectories, the total number of potential training pairs is N2, which becomes
computationally expensive for large datasets. Therefore, we must strategically sample a subset of
trajectory pairs to construct an efficient training dataset. The data selection problem addresses this
challenge by identifying a representative subset of trajectory pairs for which ground-truth similarity
scores can be computed using the actual similarity function f. This process yields a training set
T Pirain € T X T that is used to train the trajectory similarity model gy, where |7 P ain| < N2
Data Selection Optimization (DSO) in Learning Pipeline. For simplicity, we model data
selection as a single process within the learning pipeline, which can be formalized as 7P ya = F,(7),
where F, represents the data selection framework parameterized by y. The optimization objective
is to determine the optimal configuration of F, such that the resulting model go achieves maximum
performance on the test data. We impose a constraint B on the number of selected training samples.
This optimization problem can be formalized as follows:

DEFINITION 1 (DSO FOR TSL). Given a trajectory set T, a ground-truth similarity function f, a
training budget B (maximum number of trajectory pairs), a test dataset TP 1es, a trajectory similarity
learning model gg. The data selection problem seeks to design a selection framework F, that retrieves
an optimal subset of trajectory pairs from T~ X T~ to minimize the validation loss. Formally:

arg myin Z 1033(99(,/) (Tiesr Ttlzst)’ f,:;zb )
<Tt’:.\t’Tt’:st’ VL;'lb VET P test
st. O(y) =arg mgin Z loss(ga(T%, T?), %)

(TT?.fob)eF, (T)
[Fy ()] =B
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Fig. 1. The Framework of Our Proposed GoodTP
where 0(y) represents the model parameters obtained by training on the selected data based on the
selection framework F,.

3 Framework Overview

Design Rationale. Our method aligns with the iterative dynamic paradigm due to its superior
adaptability to the evolving demands of trajectory similarity learning. Our framework continu-
ously re-evaluates and selects training data based on the trajectory embedding model’s current
state. This iterative refinement ensures that the most informative trajectory pairs are consistently
utilized, steering the model away from suboptimal solutions and toward more robust similarity
representations.

Framework Architecture. As illustrated in Figure 1, our framework GoodTP, iteratively refines
the training set for trajectory similarity learning. The core components are detailed below.

1) Hierarchical Trajectory Clustering. A naive approach to optimizing the training set would involve

evaluating each trajectory individually. However, this is computationally infeasible for large-scale
datasets. To overcome this scalability challenge, our framework operates on clusters of trajectories
rather than individual instances. Specifically, we employ hierarchical clustering to partition the
entire trajectory pool 7~ based on pre-defined features. This method constructs a tree-based index,
denoted as 7, which naturally supports an efficient, coarse-to-fine selection strategy. Within this
index, each leaf node corresponds to a fine-grained cluster of similar trajectories. A non-leaf
(internal) node represents a super-cluster formed by the union of the clusters of its children.
Consequently, the root of the tree encapsulates the entire trajectory pool 7. This hierarchical
structure allows our selection mechanism to efficiently navigate the search space by pruning or
selecting entire groups of trajectories at once.

2) MCTS-based Sampling. Given the constructed cluster tree index, we iteratively select optimal
trajectories using a selector to generate training data for each round. However, exhaustively
evaluating all possible subsets of trajectories is computationally infeasible, as the number of
candidate subsets grows exponentially with the number of clusters. To address this challenge, we
develop an MCTS-based selector leveraging Monte Carlo Tree Search [5] to efficiently navigate the
combinatorial selection space. We reformulate trajectory selection as a sampling optimization task

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 190. Publication date: June 2026.



190:6 Haitao Yuan and Gao Cong

over clusters, determining which branches to explore and their sampling ratios—naturally forming
a tree search policy optimization problem where nodes represent clusters and edges represent
sampling decisions. We adopt the UCT (Upper Confidence bounds applied to Trees [22]) algorithm to
derive optimal sampling strategies, balancing exploration of promising but under-sampled clusters
with exploitation of previously high-quality clusters. Finally, we apply the generated sampling
strategy to extract the selected trajectory subset 7 for the i-th round of training.

3) Cache-enhanced Weighted Model Learning. Given the dynamically selected trajectories, we con-
struct training data comprising trajectory pairs and their corresponding similarity scores. To
address the quadratic complexity of similarity computation, we incorporate a caching mechanism
for efficiency. Specifically, we first check whether similarities for current trajectory pairs have been

computed in previous rounds; if not, we compute them directly and cache the results for future use,
yielding training data 7!, ,, for round i. However, since the policy performs local optimization
each round, the selected trajectories may not capture the global distribution of the entire trajectory
pool. To address this bias, we sample validation data 7~ P;a , to reweight the training samples. We
initialize weights ‘W' = 1 € RI7"| and apply a reweighting method to adjust ‘W during similarity
model learning.

4) Policy Updating with Model Guidance. At the end of each round, we obtain the updated model gfg
and leverage it to provide feedback for policy updates. Specifically, we use the model to calculate
rewards when applying the UCT algorithm, updating the policy parameters from 7,:-1 (1) to 7, (I).

4 Hierarchical Clustering

Motivation. Given the complexity of trajectory data, clustering typically involves two steps:
defining trajectory similarity or distance metrics (e.g., DTW [51], Hausdorff [2] and EDR [11]),
and applying traditional clustering algorithms such as K-means [30] or DBSCAN [17] to obtain
clustering results. However, existing approaches have significant limitations for our task. Cur-
rent similarity definition methods fall into two problematic categories: spatial distance-based
approaches [27, 29, 41] that are task-specific, lack generalizability, and often have quadratic compu-
tational complexity resulting in low efficiency; and representation learning-based methods [43, 50]
that are typically unsupervised and lack interpretability, making clustering rationale unclear. Ad-
ditionally, most existing methods require predefining a fixed number of clusters, which directly
determines the trajectory partition used for selection. This design enforces a fixed clustering
granularity, limiting category adaptability and restricting the flexibility of the selection space for
downstream applications.

To address these limitations, we design a novel clustering approach with two key improvements:
first, we develop interpretable trajectory features tailored to our task, enabling similarity-based
clustering that is both meaningful and explainable (Sec. 4.1); second, we implement a flexible
hierarchical clustering framework that allows downstream applications to adaptively combine
clusters at different granularity levels according to their specific needs, rather than being constrained
by fixed category numbers (Sec. 4.2).

4.1 Trajectory Feature Extraction

Prior work [27] demonstrates that trajectory similarity encompasses orthogonal dimensions of
spatial alignment and temporal motion patterns. Therefore, we design seven features to capture
complementary trajectory properties across spatial distribution and movement dynamics, following
established practices in trajectory mining literature [13, 15]. For instance, the spatial span (f),
center distance features (f2, f3) and the normalized length (f;) draw inspiration from spatial distance
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metrics [39] and spatial shape representation analysis [57], while the directional changes (f;, fs)
and step length (f;) adopt movement pattern analysis from [60].

To formally define the proposed features, we introduce the following notations. Given a trajectory
T = {p;} lﬂ, where p; € R? denotes a point in a d-dimensional space, we define the coordinate-
wise minimum and maximum points of T as pmin = (mini{plfl)}, ...,mini{pl.(d>}) and Py =
(maxi{pgl)}, . .,maxi{pi(d))}, which correspond to the corners of the trajectory’s axis-aligned
bounding box. We further define a dataset-level normalization constant, Smay = maxreq ||Piax —

Py, ll2, which corresponds to the maximum bounding-box diagonal length over the trajectory

Tl pi. Notably, each feature

is normalized to [0, 1] to ensure balanced contribution during clustering.
(1) Spatial Distribution Features. These features characterize how trajectory points are distributed

dataset 7. In addition, we introduce the trajectory centroid as p = ﬁ Zl

in geographic space, capturing both extent and concentration patterns. They are defined as follows:
Spatial Span: fi = ||pmax — Pminll2/Smax measures the ¢ norm of the trajectory’s bounding box
diagonal, quantifying overall geographic coverage.

Mean Center Distance and Variance: Let d; = ||p; — p||» denote the distance from point p;
to the trajectory centroid, and Dpm,x = max; d; be the maximum center distance within T. We
define f; = E[d;]/Dmax and f3 = Var[d;] /D2, where E[-] and Var[-] denote the sample mean and
variance over all trajectory points, respectively. These two features jointly characterize spatial
concentration and dispersion patterns.

(2) Movement Pattern Features. These features capture dynamic behavioral aspects, focusing on
directional consistency and movement regularity. In particular, they are defined as follows:
Normalized Trajectory Length: f; = |T|/Ly.x measures trajectory density, where |T| is the
number of trajectory points and Ly, is the dataset maximum length.

ViVitl
[IvillzlIviell2

between consecutive movement vectors v; = p;1 — p;. We define f5 = E[0;]/x and f; = Var[0;] /7?2,
which jointly characterize turning behavior and movement predictability.

Average Step Length: This feature is denoted as f; = E[||pi+1 — pill2] /Smax, Which characterizes
typical spatial displacement, distinguishing fast-moving from slow-moving trajectories.

The 7-dimensional feature vector f(T) = [fi, f2, ..., f7] provides a compact yet comprehensive
representation suitable for scalable clustering algorithms while preserving interpretability for
domain experts. Importantly, our feature design is agnostic to the GoodTP framework itself.
The hierarchical clustering module operates on any feature vector representation, making the
framework flexible and extensible to accommodate alternative or richer feature sets tailored to
specific application domains.

Mean Direction Change and Variance: Let §; = arccos ( ) denote the turning angle

4.2 Cluster Tree Index Construction

Based on the extracted features for each trajectory, denoted as {f(T1), f(Ty), - - - }, we iteratively
incorporate the K-means technique to cluster trajectories in a top-down hierarchical manner,
leading to the construction of cluter tree index 7. Specifically, our framework operates through the
following recursive process:

(1) Initial Clustering: We first apply K-means clustering to the complete feature set {f(T;)} Y,
partitioning all trajectories into K initial clusters {C[1],C[2],...,C[K]}. Each cluster C[j] con-
tains trajectories with similar movement characteristics as captured by our 7-dimensional feature
representation.

(2) Recursive Subdivision: For each cluster C[j] at level ¢, we recursively apply K-means clustering
to its constituent trajectory features, generating K; subclusters {C[j, 1],C[},2],...,C[},K;]} at
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level £ + 1. This process continues until a termination criterion is met (e.g., minimum cluster size,
maximum depth, or within-cluster homogeneity threshold).
Adaptive Granularity Selection: Unlike traditional approaches that produce a fixed number of
clusters, our framework enables adaptive cluster selection through three mechanisms:
(1)Level-based Selection: Users can extract clustering results at any hierarchical level ¢, yielding
different numbers of clusters depending on the desired granularity.
(2) Mixed-level Composition: Different subtrees can be selected at varying depths, allowing fine-
grained control over specific trajectory groups while maintaining coarser granularity for others.
For example, applications can select clusters {C[1], C[2],C[3]} or {C[1,1],--- ,C[1,K],C[2],C[3]}.
Consequently, downstream applications can dynamically select the most appropriate clustering
granularity without requiring algorithmic re-execution, significantly enhancing both computational
efficiency and analytical flexibility. This adaptive mechanism fundamentally differs from traditional
approaches that lock the selection policy into a predetermined partition.

5 MCTS-based Trajectory Selection

In this section, we present our approach to trajectory selection through hierarchical cluster sampling.
We first model the individual trajectory selection problem as a node traversal policy optimization
problem over a hierarchical tree index (Sec. 5.1). Subsequently, we describe our MCTS-based policy
learning method for solving this problem with a theoretical guarantee (Sec. 5.2).

5.1 Cluster Node Traversal Policy Modeling

The trajectory selection problem can be naturally formulated as a combinatorial optimization task.
Given a trajectory dataset 7 = {T1, T2, ..., Iy }, an objective function O : 27 5 R,and a budget
constraint requiring exactly B trajectories where B < N, the optimization problem is:

Y= bject t =B
S arggng()r(O(S) subject to  |S]| (2)

where O(S) is evaluated by a downstream learning model. However, this formulation suffers from
exponential complexity, as it requires exploring (11\3] ) possible combinations.

Hierarchical Cluster Sampling Formulation. To address this computational challenge, we
leverage the hierarchical cluster tree structure to reformulate the problem. Let 7 denote our
hierarchical cluster tree. Within this tree, we can extract different clustering levels, each representing
a different granularity of trajectory grouping. For a given clustering level, let C = {C1,Cy, ..., Cp}
denote the set of cluster nodes, where each cluster C; corresponds to a disjoint trajectory subset
Jc, € T . The clusters form a partition of the trajectory dataset, satisfying:

Tc;NTc; =0 fori+j, and U’]a_:T 3)

i=1

Based on this clustering structure, we define the sampling strategy as follows:

DEFINITION 2 (SAMPLING STRATEGY). A sampling strategy is defined as a = (a1, g, ..., 0m)
where a; € [0, 1] represents the sampling ratio for cluster C;.

The equivalent cluster-based optimization problem becomes:

a” = argmax O (U Sample(7¢,, a,-)) s.t. Z ai|7c,1 =B (4)

[»4
i=1 i=1

where Sample(7¢;, a;) denotes uniform random sampling of | ;|7¢,|] trajectories from cluster C;.

Theoretical Foundation. We now establish the theoretical equivalence between the original

trajectory selection problem and our cluster-based reformulation.
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Sampling Strategy:
¢ ={C[1,1],C[1,2,1],C[1,2,2],C[2,1],C[2, 2]}
o ={0.18,0.21,0.21,0.4,0}
0[2] Traversal Policy:
level-0 : m(root) = [C[1], C[2] — [0.6,0.4]
level-1: m(C[1]) = [C[1,
=(C[2]) = [C[2,
C[2,2] level-2:7(C[1,1]) =0
=(C[1,2]) = [C]1,2,1],C[1,2,2]] — [0.5,0.5]
7(C[2,1]) =0

],C[1,2] — [0.3,0.7]

1
1],C[2,2] — [1.0,0]

C[1,2,1] C[1,2,2]

Fig. 2. An Example of Node Traversal Policy (K = 2)

THEOREM 1 (SAMPLING EQUIVALENCE). For any trajectory selection objective function O and
clustering C satisfying the partition property in Eq. (3), problems defined by Eq. (2) and Eq. (4) are
equivalent in the following sense:

(1) Every feasible solution S can be represented by a strategy o;
(2) Every sampling strategy o corresponds to a feasible solution S;
(3) Objective function values are preserved under this correspondence.

Proor. We establish equivalence through bijective mapping between solution spaces.

(1) Forward Direction (S — «): Given any feasible solution S € 7 with |S| = B, we construct the
corresponding sampling strategy by defining a; = lﬁ;l:ﬁ‘ | This construction ensures: (i) a; € [0,1]
by definition since SN7¢, € 7¢,, (i) the constraint }.;2, la,-|72;i| =212 1SNTe,| = |S| = Bissatisfied
due to the partition property, and (iii) objective preservation follows since S = 2, (S N 7¢,).

(2) Backward Direction (e — S ): Given any sampling strategy « satisfying the constraint }\12; o;|7¢,| =
B, the solution is S = [JIZ, Sample(7¢;, @;). The constraint ensures [S| = 212, | a;|7¢,|] = B (exact
equality when all a;|7¢,| are integers), and objective function preservation follows directly from
the construction.

(3) Bijectivity: The above two mappings are inverses of each other up to sampling randomness,
establishing bijective correspondence between solution spaces. O

Node Traversal Policy. To solve the sampling optimization problem, we introduce a policy s that
systematically generates the sampling configuration consisting of selected cluster nodes C and
their corresponding sampling ratios c. As illustrated in Figure 2, the policy operates on the cluster
tree using a breadth-first traversal strategy. The policy framework functions as follows: Starting
from the root node, the policy 7 makes decisions at each node regarding whether to: (1) terminate
the search and directly sample from the current node, or (2) continue searching deeper into its
children with specified allocation ratios.

(1) Concrete Example: In Figure 2, the execution proceeds as follows:

e Root Node Policy: The policy decides to search both children C[1] and C[2] with allocation ratios
[0.6,0.4], distributing the total sampling budget B proportionally.

e Node C[1] Policy: The policy further subdivides C[1] into its children C[1, 1] and C[1, 2] with ra-
tios [0.3,0.7]. For C[1, 1], the policy terminates the search, resulting in a final sampling allocation
of ac[11] = 0.6 X 0.3 = 0.18.

e Node C[1,2] Policy: The policy continues searching C[1, 2], generating two leaf-level nodes
C[1,2,1] and C[1, 2, 2] with equal allocation ratios [0.5, 0.5]. This yields sampling allocations of
ac[i2,1] = cf1,2,2] =0.6 X0.7 X 0.5 =0.21.
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MCTS policy learning Iearnad traversal policy
iterate until a maximum number of epoch var

Selection ~————  Expansion Simulation Backup

QO actionnode @ —
O expansionnode 3= [b,n,r]
! © datanode o = [b,n,Tg]

Fig. 3. The Framework Overview of MCTS-based Traversal Policy Learning for Trajectory Sampling

e Node C[2] Policy: The policy processes C[2] with allocation ratios [1.0, 0.0] for its children C[2, 1]
and C[2,2]. Since C[2,2] receives zero allocation, it is effectively pruned from the sampling
process. Node C[2, 1] receives the full allocation ac[z1] = 0.4 X 1.0 = 0.4.

(2) Policy Formalization: Mathematically, each node v in the cluster tree is associated with a policy

function 7(v) = (ay, r,) where:

e g, € {0, 1} is the binary action: 0 for terminating search and sampling directly from node v, 1 for
continuing to search the children of v.
ory = (ro1, 702, .-, Tok,) € [0, 1]% specifies the allocation ratios for the k, children of node v,
1 kU —-—
subject to 31,2 1y = 1.
A complete traversal policy 7 is represented as a sequence of node-level decisions following
breadth-first traversal order. For the example in Figure 2, the policy sequence is:
= [(1,[0.6,0.4]), (1, [0.3,0.7]), (1, [1.0,0]), (0, 0), (1, [0.5,0.5]), (0, ), (0,0), (0,0)]
N NS/ Nl AN N/ NG NGNS
root Cl1] Cl2] C[1.1] C[1,2] C[21] C[1,21] C[1,22]
where nodes with terminating actions (a, = 0) have empty ratio vectors since no further subdivision
is performed.
(3) Optimization Objective: The goal is to learn the optimal policy 7* that maximizes the expected

performance of the resulting trajectory sample on a given evaluation function O:
7 = argmaxEs_n(1) [0(S)] )

where S ~ 7(7) represents the trajectory sample generated by applying policy 7 to the hierarchical
cluster tree 7.

5.2 MCTS-based Policy Learning

Based on the policy optimization problem defined in Eq. 5, a brute-force approach would enumerate
all possible traversal policies over the cluster tree, which is computationally prohibitive. Therefore,
we construct a policy tree to efficiently represent the policy search space and apply Monte Carlo
Tree Search (MCTS) for policy learning. The optimized policy is then applied to the cluster tree to
generate the final sampling configuration.

Policy Tree Structure. As shown in Figure 3, the policy tree mirrors the hierarchical clustering
structure and consists of three types of nodes that work together to represent policy decisions.
(1) Action nodes (0) correspond to clusters in the hierarchical tree and represent binary decision
points. Each action node determines whether to continue subdividing the cluster (action = 1) or
terminate and sample directly from it (action = 0), serving as the primary decision points in the
policy tree.
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(2) Expansion nodes () manage the allocation strategy when an action node chooses to continue
subdivision. Each expansion node o = (b, n, r) contains the cumulative reward b from visiting this
node, the visit count n, and the allocation ratio vector r that specifies how to distribute sampling
budget among child clusters.

(3) Data nodes (v") represent terminal sampling operations. Each data node v’ = (b, n, 7¢) stores
the cumulative reward b, visit count n, and the trajectory set 7¢ of its corresponding cluster. Data
nodes perform uniform random sampling from 7¢ and evaluate the sampled trajectories to generate
rewards.

Node Relationships. The policy tree structure follows specific connectivity rules. Each action node

has two possible children: an expansion node when action a = 1 or a data node when action a = 0.
Each expansion node has exactly k action node children, corresponding to the k sub-clusters in
the hierarchical tree. Data nodes are leaf nodes with no children, representing the termination of
policy execution. This hierarchical structure enables systematic exploration of the policy space
while maintaining computational tractability through the MCTS framework.

MCTS-based Learning. Our learning objective is to generate an optimal traversal policy across the
policy tree, where we determine the correct action for each action node and generate appropriate
allocation ratios for each expansion node. MCTS [5] is a well-established tree search algorithm that
balances exploitation (selecting high-reward paths) and exploration (investigating less-visited paths)
when navigating the policy tree. Unlike traditional MCTS applications that seek a single optimal
node, our approach leverages the search process to accumulate statistical information at each node,
enabling informed policy decisions throughout the entire tree. This accumulated knowledge allows
us to generate a comprehensive traversal policy that specifies actions and allocation strategies for
all nodes. As shown in Figure 3, our MCTS-based policy learning follows a four-phase iterative
process that continues for a predetermined number of epochs.

(1) Selection. The selection phase traverses from the policy tree root to identify a node for expansion.
Starting at the root, the process navigates downward by making decisions at each action node 9
based on the UCT (Upper Confidence Bound for Trees [22]) criterion. Each action node 9 has two
potential children: an expansion node @ (representing action = 1) and a data node v’ (representing
action = 0). The selection strategy at each action node follows a three-case decision process: (i)
If both children are unvisited (v’.n = d.n = 0), one child is selected randomly for exploration
and the selection process terminates. (ii) If only one child has been visited, the unvisited child
is automatically selected and the selection process terminates. (iii) If both children have been

explored, the UCT utility function determines the choice: U(v) = % +c W

the cumulative reward, v.n is the visit count, and c is the exploration parameter. The child with
higher utility value is selected for further selection. Specifically, when an expansion node 0 is
selected, the process continues by choosing among its action node children according to the current
allocation ratios 4.r, which are initially set to uniform distribution % for k children. When a data
node o’ is selected, the selection phase terminates and moves directly to simulation. Therefore, the
selection continues until reaching either an unvisited node or a data node.

, where v.b is

Example 2. As shown in Fig. 3, the process starts at root action node 9, where U(v]) < U(d;)
leads to selecting the expansion node d;. Following allocation ratios d;.r, the action node 9; is
chosen. At 9,, since U(v;) < U(0;), expansion node 9 is selected, which leads to 95 based on .r.
Since 03’s children are unvisited, selection terminates.

(2) Expansion. The expansion phase only occurs when selection terminates at an unvisited action
node. If selection terminates at a data node, the expansion phase is skipped and the process moves
directly to simulation. When expansion is triggered at an action node 9, it creates the appropriate
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(a) MCTS Round 1 (b) MCTS Round 5 (c) MCTS Round 10

{ : 5
it w =il

Fig. 4. Evolution of Trajectory Selection Across MCTS Rounds on Porto Map. Each panel shows 5 trajectories.

child node based on a randomly selected action. If the selected action is 0, expansion creates a data
node v’ with initial values v".b = v’.n = 0 and a trajectory set 7¢ corresponding to the cluster, and
this data node is selected for simulation. If the selected action is 1, expansion creates an expansion
node ¢ with initial values 9.b = o.n = 0 and uniform allocation ratios r = [%, %, e, %] The
expansion node simultaneously creates all k child action nodes corresponding to the sub-clusters,
each initialized with b = n = 0. After creating these child action nodes, one of them is randomly
selected according to the allocation ratios r of the parent expansion node, and this selected action
node proceeds to the simulation phase.
(3) Simulation. The simulation phase evaluates the quality of the expanded node by collecting
trajectory samples and computing rewards. The simulation process depends on the type of node
selected from the expansion phase. (i) If the expanded node is a data node v’, simulation directly
performs uniform random sampling on the corresponding trajectory set 7¢ to collect trajectory
samples. (ii) If the expanded node is an action node 9, simulation applies a rollout strategy to
explore the subtree rooted at this action node. The rollout process makes random decisions at each
action node (randomly choosing between 0 and 1) and assigns random allocation ratios at each
expansion node until reaching data nodes. During rollout, multiple data nodes {v],v,, ..., v;,} may
be encountered, and their corresponding trajectory sets {7¢,, 7c,, - . ., 7c,, } are collected. Uniform
random sampling is then performed on each trajectory set to gather the final trajectory samples.
The collected trajectories are further used to construct an evaluation dataset 7% ,4;, which is
evaluated using the current trajectory learning model gg. The reward is computed as the average
loss: R = m 2. loss(ga(TF, Tib),fl.a’b), where T and Tib are trajectory pairs and _ﬂ“’h is the
ground truth similarity. This formulation is designed to identify challenging training samples:
higher prediction errors (larger loss values) indicate more difficult and valuable data for model
training, resulting in higher rewards. This guides the search toward sampling strategies that select
informative trajectories where the model currently performs poorly, thereby improving training
effectiveness.
(4) Backup. The backup phase propagates the computed reward back through the entire traversal
path from the simulation node to the root, updating the statistics of all visited nodes. For each
node v in the path, the backup process performs different updates depending on the node type. For
all nodes, the basic statistics are updated: (1) accumulates the reward by updating v.b < v.b + R,
and (2) increments the visit count by setting v.n « v.n + 1. For expansion nodes g, an additional
update is performed on the allocation ratios 3.r. The allocation ratios are recomputed based on
the average benefits of the child action nodes. Specifically, for each child action node 9;, the

allocation ratio is updated as d.r[i] = %, which ensures that child nodes with higher
j=1Y95-919-

average rewards receive larger allocation ratios in future selections. The accumulated rewards,
visit counts, and updated allocation ratios enable accurate estimation of node values for future
UCT computations, gradually improving the policy tree’s ability to identify promising sampling
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strategies. After completing the backup phase, one MCTS iteration is finished, and the process
repeats for the next iteration until the predetermined number of epochs is reached.

Applying the learned policy. After the policy has been learned, we traverse the policy tree
to generate the final sampling results. Decisions are required only at the action nodes and the
expansion nodes. As described earlier, we employ a breadth-first search (BFS) traversal scheme.
At an action node 9, we compare the empirical mean rewards of its two child nodes, Z:—:f’l and
% If the data node provides a lower empirical mean reward (i.e., % > %), we choose a = 1;
otherwise, we set a = 0. When a = 1, the traversal continues into the corresponding expansion
node, where the learned allocation proportion is applied. Finally, we obtain the selected data nodes,
each corresponding to a cluster. The sampling proportion of a data node v is determined by the
product of the allocation ratios along its ancestral expansion nodes, i.e., 2(0) = [Tyeancestors(v) 2 (%)
where p(u) denotes the allocation ratio at expansion node u. For instance, as shown in Fig. 3, the
sampling proportion of data node v; is a(0;.7.C) = 0.3 X 0.9 = 0.27, since its parent has ratio 0.9
and its grandparent has ratio 0.3.

Qualitative Example. Figure 4 visualizes trajectory selection across MCTS rounds on the Porto
dataset. (a) MCTS Round 1: The policy prioritizes exploration, with UCB assigning high bonuses to
under-visited clusters to ensure broad geographic coverage. (b) MCTS Round 5: The policy shifts
toward exploitation, discovering informative hard samples. Notably, some trajectories share overlap-
ping road segments in the city center while diverging elsewhere. Such partially-overlapping pairs
force the model to learn subtle spatial differences, providing high learning signal. (¢) MCTS Round 10:
The policy stabilizes, maintaining cluster diversity while selecting representative samples from
each region. This exploration-to-exploitation transition emerges naturally from UCB-guided search,
adaptively focusing on trajectory combinations where the model benefits most.

Theoretical Analysis. We provide theoretical guarantees for our MCTS-based learning approach,
demonstrating its convergence to a near-optimal traversal policy with polynomial sample complex-
ity. The analysis proceeds by showing that the key components of the learned policy converge to
their optimal counterparts. Specifically, we establish convergence for: (1) the discrete choices at
action nodes, and (2) the continuous allocation ratios at expansion nodes.

(1) Action Node Convergence. An action node 9 must learn the optimal binary action a* € {0, 1},

which corresponds to either terminating the search or expanding to child nodes. Let p, = E[R,]
be the true expected reward for taking action a. The optimal action is then defined as a* =
arg maxqe 0,1} M. Our algorithm estimates this true expected reward using the empirical mean,
fa(ng) = nia ¢ Ra(t), which is calculated after action a has been selected n, times. The al-
gorithm’s decision rule is to select the action with the highest empirical reward, i.e., dselected =
arg maXge (0,1} fla(nq)- The following theorem, which leverages standard concentration inequalities,
establishes that with sufficient visits, the empirically optimal action converges to the true optimal
action.

THEOREM 3 (AcTION NODE CONVERGENCE). Let 0 be an action node, and assume one action is
strictly superior, i.e., there exists a gap A > 0 such that i’ > i, + A for the sub-optimal action a’.
Let all rewards be bounded within [0, Ry.x|. For any desired confidence level § € (0, 1), if each action

2
a € {0,1} has been sampled at least n, > W times, then with a probability of at least 1 — 8,
the empirically selected action is the true optimal one: arg maX,e{o,1} fla(na) = a”.

Therefore, the action node converges to the optimal action with probability 1 — & after collecting
O(R?,, In(1/8)/A?) samples. The detailed proof is available in the appendix [52].

max
(2) Expansion Node Convergence. We establish the convergence guarantee for allocation ratios at

each expansion node.
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THEOREM 4 (ALLOCATION RAaTIO CONVERGENCE). Consider an expansion node 0 with k children. Let
fi(n;) denote the empirical mean reward for child i after n; visits, and let iy denote the true expected
f1i (i) P Hi )

PN TILY) M A L
Rewards are bounded: R; € [0, Rmax| for alli; (2) pf . = ming—y gy > 0; By, = 21;:1 /J;f > 0.
8k2R2,,, In(2k/5)

Then, for any e € (0,1) and § € (0,1), if each child is visited at least npyi, = e‘;‘(‘”‘y E

reward. Define the allocation ratios as: ri(n) =

We can assume that: (1)

times,

Therefore, the expansion node converges to the optimal allocation ratio with probability 1 — §

b . (K2R In(K/) ) . . . . . .
y sampling npin = O (—) times for each child. The detailed proof is available in [52].

€ (fum)?

6 Weighted Learning

Motivation. While our MCTS-based sampling strategy generates trajectory subsets 7 that ap-
proximate the optimal trajectory distribution P(7") ~ P(7 "), a critical challenge remains: the
distribution of constructed training pairs may not align with the optimal training distribution.
Specifically, even if we sample trajectories optimally, the resulting trajectory pairs 7 P yain con-
structed from pairwise combinations may satisfy P(7 Pain) # P(7 P,,;,) due to the quadratic
explosion in pair space. This distribution mismatch creates two fundamental problems. First, since
our sampling focuses on individual trajectory selection, it cannot directly control the distribution
of trajectory pairs, which have their own similarity characteristics. Second, each round only selects
a subset of trajectories, resulting in training data that captures only a partial view of the global
trajectory similarity landscape. These issues can lead to biased model learning where certain types
of trajectory relationships are over- or under-represented. To address these challenges, we propose
a weighted learning approach that adaptively reweights training examples to better approximate
the optimal training distribution while leveraging cached data from previous rounds to improve
distribution coverage.

Reweighting Framework. Standard training minimizes the uniform loss across all training pairs:
Log = ITP—lmml Y(ij) 4i,j(0), where £;;(0) = loss(go(T",T7), f*/) represents the prediction loss
for trajectory pair (T%, T/) with ground truth similarity f*/. We reformulate this as a weighted
optimization problem: Lyeighred = X i j) Wi,jti,j(0), where w; ; represents the importance weight
for each training pair. However, learning individual pair weights is computationally expensive-
with N trajectories, we would need to optimize O(N?) weight parameters. To achieve tractability,
we propose trajectory-level weighting where each trajectory T' receives a weight w;, and pair
weights are derived as w; ; = W’;Wj . This reduces the parameter space from O(N?) to O(N) while
maintaining the ability to emphasize important trajectories across all their pairwise interactions.
The bilevel optimization problem becomes:

it wj

. _ . " ey ) w,
w’ = argmin Lo (6" (w)), 6%(w) = argmgmz t,;(0) 6)

(i)

where Ly4(0) = m 2 (i,j)e TP, bij(0) evaluates performance on validation data, and w > 0
ensures training stability.

Cache-Enhanced Validation. A critical component of our approach is constructing representative
validation sets for weight optimization. Using only current-round data would suffer from the same
distribution bias we aim to correct. Instead, we maintain a cache 7% that accumulates trajectory
pairs from previous rounds, providing broader coverage of the trajectory similarity landscape. The
cache is initialized with randomly sampled pairs from the global trajectory pool and continuously
updated: TP « TP UT P! after each round i. This design offers two key advantages: (1)

train
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Algorithm 1: Cache-enhanced Weighted Learning

Input: Cache 7P, model gy, training data 7 Ptrain, trajectories 7, learning rate o and f, iterations Iy,
batch sizes bsy, bss
1 Initialize weights: w; « ﬁ for each T? € T
2 Update cache: TP «— TP U T Prain;
3 fort=1—1I do
4 | Sample training batch: TP{ram « SampleBatch(7 P train, bs1);
5 | Sample validation batch: 7—7’53] « SampleBatch(7 P, bs;);
/* Virtual model update with current weights */
Wi+ w;j

6 | Compute weighted loss: Lirain = Z(i,j)ema: —514;(0,);

7 | Virtual update: ét — 0; — aVgLirain;

/* Update weights based on validation loss */
8 | Compute validation loss: Ly, = }n Z(i’j)Eprial {’i,j(é,);

9 | Weight gradients: Vw « V,, L,

10 | Project and normalize: w « normalize(max(w — fVw, 0));

/* Actual model update with updated weights */

wi+wj
11 | Recompute loss: Lirain = Z(i’j)e(rpttrain —5Lt,;(0:);

12 gUpdate model: ;1 < 6; — aVgLirain;

*

the accumulated data better approximates the global distribution P(7 #y,,;,) as more rounds are
included, and (2) we avoid recomputing expensive ground truth similarities for cached pairs. For
validation, we sample 7 P, ~ sample(7 #) from the cache, ensuring our weight learning process
optimizes against a more representative distribution than current-round data alone.

Online Optimization Algorithm. Solving the bilevel optimization problem (Equation 6) exactly
requires nested loops of optimization, which is computationally prohibitive. We adopt an online
approximation strategy that alternately updates weights and model parameters in a single opti-
mization step per iteration. Algorithm 1 presents our complete procedure. We now walk through a
single iteration to explain how each step contributes to solving the bilevel optimization:

Step 1: Batch Sampling (Lines 4-5). We sample a training batch 79} . from current-round data and
a validation batch 7#! | from the cache. The cached validation set provides broader distribution
coverage for weight optimization.

Step 2: Virtual Model Update (Lines 6-7). We compute the weighted training loss and perform a
virtual (temporary) gradient descent step on model parameters: 9} — 0; — @V Lirain- This step
approximates the inner-level optimization 6*(w) in Equation 6, simulating how the model would
change under current weights.

Step 3: Weight Update (Lines 8-10). Using the virtually updated model 0,, we evaluate validation
loss and compute weight gradients via backpropagation through the virtual update. The weights
are then updated by gradient descent with projection onto the non-negative simplex. This step
approximates the outer-level optimization, adjusting weights to minimize validation loss.

Step 4: Actual Model Update (Lines 11-12). With the updated weights, we recompute the weighted
training loss and perform the actual model parameter update. This completes one iteration of the
bilevel optimization.

The algorithm’s effectiveness stems from its ability to identify trajectories that, when emphasized
during training, lead to better validation performance on the broader cached distribution. This
creates an implicit mechanism for correcting the distribution mismatch between the sampled
training data and the optimal global distribution.
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Table 2. Statistics of Datasets

Dataset | Time Span | Cover Area (km?) #traj. #points /traj. | Avg. length (m)
Porto a year 16.0 x 20.1 1,259,639 50 6,445

Chengdu a week 9.7 x 9.7 1,380,777 142 4,586

Germany - 1,023 x 1,187 243,417 84 338,622

Convergence Analysis. The problem of learning optimal trajectory weights is formulated as a
bilevel optimization program:
w* =argmin F(w) £ L(0"(w)) s.t.0"(w) = argmin Liin (6, w)
weA 0

We prove that our online, single-loop algorithm converges to a stationary point of the outer objec-
tive F(w). The core of our analysis involves bounding the error between the true (but infeasible)
bilevel gradient VF(w;) and our algorithm’s efficient, single-step approximation. We show this
error is controlled by the inner-loop learning rate and the suboptimality of the model param-
eters. Leveraging this bound within a descent analysis demonstrates that our weight updates
ensure a sufficient decrease in the outer objective. This guarantees that the algorithm converges
to a neighborhood of a stationary point, with the average squared gradient norm satisfying:
limy, e % SICVE[IVE(wo)|IP] = O(a?) + O(B). This result establishes the algorithm’s stability
and convergence. The complete theoretical analysis and detailed proofs are provided in [52].

7 Experiment
7.1 Experimental Setup

Datasets. As shown in Table 2, following [9], we conduct a series of experiments on three real-world
datasets.

Similarity Learning Models. To establish a comprehensive and fair evaluation framework, we
select representative state-of-the-art models from four major categories: (1) RNN-based models:
TMN [45]; (2) Self-attention based models: T3S [46] (which incorporates both RNN and self-attention
mechanisms); (3) CNN-based models: TrjSR [6]; (4) GNN-based models: TrajGAT [49].

Baseline Methods. We compare against the following methods:

¢ Rand [9]: The random selection method is widely used for preparing training data in existing
similarity learning papers, making it a natural baseline. We extend this approach to iteratively
sample trajectories across multiple training rounds.

e Coreset [7]: Since direct gradient computation for coreset selection is not feasible in our
setting, we adapt a cluster-based coreset selection method. This approach first clusters trajectories,
then uses the cluster distribution of trajectories to guide the coreset sampling of training data for
each round.

e Active [32]: This state-of-the-art active learning method for data augmentation iteratively
selects high-quality data based on predefined metrics between training and validation sets. We
adapt this method to iteratively sample trajectories based on their feature distribution similarity
with the validation data.

o Curric [61]: This state-of-the-art curriculum learning method for individual trajectory learning
determines the learning order based on curriculum difficulty scores. We extend this approach by
ranking all trajectories according to the same difficulty metric, then iteratively sampling a fixed
number of trajectories to construct training data.

Similarity Labels & Metrics. Following established benchmarking practices [9], we employ four
widely-used distance functions as ground truth for trajectory similarity: DTW [51], ERP [10],
Fréchet [16], and Hausdorff [2]. For evaluation, we use a test set of 2000 trajectories. Each similarity
learning model generates trajectory embeddings, and for each query trajectory, we compute pairwise
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Table 3. Performance comparison on Porto, Chengdu and Germany datasets. Bold and underlined val-
ues indicate the best and second-best results, respectively. Each cell format: (1)/@2)/(3)/@ represents
TMN/T3S/TrjSR/TrajGAT performance. Similarity measures: @=DTW, ®=ERP, (B)=Fréchet, ®=Hausdorff.
Methods: A=Rand, B=Coreset, C=Active, D=Curric, E=GoodTP.

Porto Chengdu Germany

Sim HR@1(%) HR@10(%) HR@50(%) HR@1(%) HR@10(%) HR@50(%) HR@1(%) HR@10(%) HR@50(%)
34.9/20.7/22.5/25.3 | 55.8/40.2/31.8/38.5 | 72.8/56.8/38.5/49.7 | 28.2/16.1/33.6/9.5 | 44.6/29.6/41.8/26.8 | 57.4/46.5/48.9/43.5 | 34.9/32.5/34.4/14.6 | 52.7/51.0/52.0/16.6 | 67.3/66.6/54.3/29.7
37.7/21.8/28.9/25.8 | 58.9/40.1/37.1/39.9 | 75.2/57.7/42.9/51.4 | 29.5/16.9/34.7/13.7 | 46.3/33.7/42.6/29.3 | 59.0/44.5/49.9/47.5 | 30.0/31.7/27.3/15.5 | 48.8/50.4/47.3/17.1 | 61.4/65.7/59.5/30.6
35.7/22.5/24.6/25.8 | 58.0/41.8/33.1/39.7 | 74.4/57.4/39.8/51.8 | 27.7/18.3/35.0/13.5 | 45.0/33.7/42.4/30.1 | 57.6/47.3/49.6/47.7 | 37.3/31.0/33.9/15.3 | 52.3/50.5/58.0/16.9 | 67.7/66.0/67.1/30.2
36.6/23.4/36.5/25.9 | 57.2/41.6/42.7/40.8 | 73.7/58.2/44.5/54.1 | 29.1/17.1/35.5/10.7 | 45.1/20.7/42.7/23.9 | 57.4/22.9/49.9/42.4 | 34.5/17.5/34.1/14.1 | 52.4/29.5/53.8/16.1 | 66.6/50.5/61.1/28.8
40.3/27.9/39.4/25.2|62.6/45.3/50.4/36.7 | 77.4/61.1/51.2/49.2|29.6/19.5/39.3/20.0|47.9/34.3/48.5/39.5|60.2/49.4/54.5/57.1| 34.3/34.5/35.5/15.2 |52.9/54.0/58.4/17.1/67.1/67.8/67.2/32.3
39.2/27.7/23.4/113 | 66.3/52.6/45.1/22.1 | 92.9/86.9/59.3/30.2 | 51.4/57.2/23.1/7.9 | 70.2/85.5/34.0/24.2 | 95.1/96.0/60.4/38.7 | 77.8/57.8/18.9/9.6 | 78.2/73.1/31.3/18.0 | 87.4/84.8/43.9/27.0
39.9/23.3/24.2/11.6 | 67.1/53.0/44.4/22.6 | 92.7/82.4/59.3/30.7 | 51.2/54.8/23.9/9.9 | 72.7/88.4/33.4/27.2 | 95.6/90.0/61.9/43.9 | 71.8/40.1/18.7/9.8 | 73.0/59.3/31.6/18.3 | 79.3/73.2/44.3/27.6
46.4/25.7/23.2/11.5 | 68.0/55.7/43.5/22.3 | 92.2/87.8/56.8/30.3 | 51.8/54.2/23.2/10.5 | 70.8/88.1/37.6/29.6 | 95.3/88.5/63.6/46.3 | 74.6/62.5/18.0/10.2 | 75.2/65.3/31.8/18.4 | 83.2/74.1/44.8/28.3
33.2/24.4/24.5/11.4 | 49.6/50.9/43.5/22.7 | 61.2/85.4/56.1/31.1 | 38.7/53.3/24.4/9.8 | 54.2/87.6/37.5/27.4 | 92.7/89.8/61.9/41.4 | 70.4/65.7/19.0/10.0 | 72.9/83.3/31.1/18.2 | 85.6/91.4/43.7/27.8
57.2/46.0/23.9/15.3|78.3/73.5/45.7/32.893.0/90.7/59.4/35.0| 50.8/61.8/28.1/10.2 | 72.9/89.6/40.5/29.0 | 95.5/96.6/65.9/40.9 | 79.5/84.8/18.5/10.1 |80.6/88.4/32.0/18.6|88.5/92.4/44.5/28.8
44.4/38.8/34.7/20.6 | 63.6/59.9/45.4/32.1 | 77.2/74.7/49.6/42.7 | 59.9/27.1/31.9/18.8 | 76.5/46.8/44.9/41.5 | 82.8/61.6/47.5/58.5 | 51.4/52.4/32.5/14.5 | 69.3/77.7/63.9/16.5 | 80.8/90.0/81.5/30.6
43.6/40.7/26.8/24.2 | 63.6/59.3/36.3/42.7 | 76.5/74.2/46.5/58.6 | 60.6/25.5/34.4/20.5 | 76.9/45.9/46.9/44.2 | 82.4/60.5/55.8/60.2 | 57.9/42.0/30.0/14.3 | 76.5/76.4/55.8/17.1 | 87.8/85.3/65.2/32.4
45.7/40.5/30.6/24.8 | 64.1/60.4/40.4/42.6 | 77.3/74.6/49.7/58.4 | 59.1/23.0/35.9/14.5 | 76.5/47.4/48.8/35.9 | 82.6/63.1/60.2/53.9 | 57.8/42.4/29.7/14.0 | 76.4/76.5/55.6/16.9 | 87.8/85.3/64.3/31.9
47.0/41.0/35.1/20.5 | 66.4/60.4/42.3/33.4 | 78.5/74.8/49.1/43.8 | 59.5/26.3/34.7/21.2 | 76.3/44.1/47.7/43.9 | 81.8/56.1/58.8/59.6 | 58.9/33.5/30.5/14.1 | 78.2/56.3/58.3/17.1 | 89.2/77.3/77.4/32.0
50.6/44.6/35.5/28.1|67.0/62.9/44.5/43.2| 79.2/76.3/49.8/56.0| 60.0/27.3/38.8/22.2|77.5/48.4/50.7/45.5|83.0/63.8/68.2/61.2|60.9/59.6/35.1/14.9|79.3/80.9/65.0/17.890.6/91.1/81.1/32.8
37.1/5.9/45.9/16.6 | 57.4/16.6/60.4/26.5 | 73.8/34.8/72.0/34.6 | 42.0/14.6/41.8/10.4 | 67.1/32.5/60.5/22.4 | 81.4/52.7/73.9/40.2 | 52.1/28.7/44.0/14.7 | 75.8/52.5/66.3/16.0 | 88.5/75.4/82.1/30.6
38.7/5.3/44.8/17.9 | 57.4/15.3/59.8/29.3 | 73.6/31.8/70.4/39.5 | 45.3/16.6/44.2/15.3 | 69.1/35.6/64.1/35.6 | 82.1/56.7/76.7/57.5 | 47.8/31.2/45.0/17.0 | 74.3/60.4/68.1/17.4 | 88.2/82.2/81.0/31.8
39.9/6.6/45.7/17.9 | 58.2/18.1/59.5/28.1 | 74.1/36.2/70.9/37.2 | 46.2/18.9/43.9/12.6 | 69.6/38.9/56.7/32.0 | 82.2/60.9/58.8/55.0 | 48.8/16.5/43.1/17.5 | 75.2/48.3/61.6/18.6 | 88.5/66.2/67.4/33.3
42.3/8.2/46.4/17.1 | 61.1/24.0/60.3/26.8 | 75.8/43.6/70.3/34.7 | 46.3/21.0/42.9/13.2 | 70.4/35.8/56.6/32.9 | 81.1/57.5/65.9/55.7 | 53.0/19.4/41.8/17.8 | 78.2/49.6/63.1/18.3 | 91.1/66.8/77.4/32.9

45.7/23.8/46.6/26.5|64.3/42.5/61.1/40.0|76.9/60.7/72.1/51.3|49.3/37.6/48.0/18.8|71.9/56.5/67.7/39.3|83.2/76.3/78.1/59.7 |55.7/45.4/49.0/18.1| 77.9/73.3/76.9/22.1|91.5/88.3/89.7/32.8

OO PHOUOFPHOO0OF>HUOOR >

Remark. Due to space constraints, we report HR@1, HR@10, and HR@50. Complete results including HR@5 are provided in the
appendix [52].

Euclidean distances in the embedding space to retrieve the top-a most similar trajectories. We assess
model performance using the hit rate metric HR@ua [19, 48, 49], where higher values indicate more
accurate trajectory similarity computation. Specifically, for each query trajectory, HR@« calculates

N () (i)
. . . . ey |Top-a, - NTop-a,,” |
the proportion of true top-a neighbors present in the retrieved set: HR@a = =— ? o - M

where N is the number of query trajectories, and Top-ote(zb and Top-a(i) represent the top-a
most similar trajectories to the i-th query trajectory according to the embedding distance and
ground truth distance, respectively. We evaluate performance at different Top-a settings (i.e.,
a € {1,5,10,50}) to capture both precise and broader similarity matching capabilities.
Experimental Settings. All experiments were conducted using PyTorch 2.1.0 and Python 3.9.12 on
an RTX 4090 GPU running Ubuntu 24.04.1. We employed the Adam optimizer [25] with a learning
rate of 0.001 and trained all models for up to 20 epochs with early stopping based on validation
performance. The default batch size was set to 256, with adjustments made when GPU memory
constraints required (e.g., TrajGAT used a batch size of 64 due to higher memory requirements).
Following established practices [9], we set the embedding dimensionality to 128 for all models.
For spatial discretization in grid-based methods, we used 100-meter grid cells. Model-specific
configurations followed their original papers: TrjSR used 162x128 image resolution with 10 CNN
layers, while other models employed 2 encoder layers by default. Since our method focuses on
adjusting trajectory selection in training data, we maintained identical training conditions across
all baseline comparisons to ensure fairness. For example, the sampling budget B was set to 1000k
trajectory pairs for all methods.

7.2 Effectiveness Evaluation

As shown in Table 3, the experimental results demonstrate several key insights regarding the
effectiveness of different trajectory selection methods across multiple similarity metrics and datasets.
(1) Overall Superiority of Our Method: Our method consistently outperforms all baseline
methods across the majority of experimental configurations. Specifically, GoodTP achieves the best
performance in around 90% of metric-model combinations across all three datasets, demonstrating
its robustness across different geographical contexts and trajectory characteristics. Therefore,
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Table 4. Ablation studies. Each cell format: (/@ represents T3S/TrajGAT performance. ©@=DTW,
@®=Hausdorff.

si thod Porto Chengdu
m | MEtods - "HR@1(%) [ HR@10(%) | HR@50(%) | HR@1(%) | HR@10(%) | HR@50(%)
w/o SD 26.0/249 | 453/345 | 58.9/435 | 19.3/18.9 | 34.8/37.9 | 48.5/53.2

w/o MP 24.7/24.2 | 45.3/35.5 59.5/48.1 | 17.2/23.3 | 31.1/36.7 | 48.6/48.6
w/o Clust 19.9/20.8 | 40.8/31.8 59.2/40.8 | 18.9/15.0 | 28.4/25.5 41.3/33.3
O | w/o MCTS | 23.3/12.9 | 43.0/26.8 60.7/41.7 | 10.7/18.4 | 25.1/30.3 37.4/37.2
w/o weight | 27.0/25.8 | 44.6/36.6 | 61.1/47.8 | 19.5/15.5 | 33.6/33.4 | 47.1/49.9
DBSCAN 27.4/19.0 | 40.8/31.6 58.8/47.7 | 17.3/16.5 | 30.2/34.0 | 45.6/48.8
GoodTP 27.9/25.2 | 45.3/36.7 | 61.1/49.2 | 19.5/20.0 | 34.3/39.5 | 49.4/57.1
w/o SD 18.9/26.8 | 31.9/36.8 55.4/41.6 | 39.6/17.1 | 54.5/39.3 76.3/58.2
w/o MP 20.7/26.2 | 34.3/34.7 55.4/41.0 | 34.7/18.8 | 54.0/38.5 74.0/55.9
w/o Clust 8.8/10.8 24.6/20.9 | 34.0/30.1 | 13.4/11.7 | 32.7/23.6 51.7/34.8
®& |w/oMCTS | 7.4/12.3 23.0/21.2 31.7/30.3 | 18.0/13.1 | 37.2/23.5 59.0/36.5
w/o weight | 20.4/22.6 | 39.5/37.4 58.2/49.4 | 35.7/17.9 | 55.2/38.7 74.7/58.9
DBSCAN 11.4/21.8 | 26.3/37.3 51.2/51.3 | 20.4/18.6 | 41.3/38.4 | 63.5/58.6
GoodTP 23.8/26.5 | 42.5/40.0 | 60.7/51.3 | 37.6/18.8 | 56.5/39.3 | 76.3/59.7

our method is data-agnostic and can be applied across datasets without dataset-specific feature
engineering.

(2) Similarity Metric Impact: Performance gains vary significantly across metrics: (i) DTW:
Consistent improvements across models, with notable gains for TMN and T3S on Porto but more
modest improvements on Chengdu, suggesting dataset-specific influences. (ii) ERP: Most dramatic
improvements, particularly for TMN and T3S on Porto , indicating high sensitivity to training
data quality. (iii) Fréchet: Moderate but consistent 10-20% relative gains across models, suggesting
effective trajectory diversity benefits. (iv) Hausdorff: Strong improvements for memory-intensive
models like TMN and T3S , indicating the importance of representative trajectory pattern selection.
(3) Model-Specific Analysis: Different models exhibit distinct response patterns: (i) TMN shows
the most substantial improvements across all distances (average 25% relative gain), indicating RNN-
based architectures benefit significantly from quality training data. (ii) T3S demonstrates strong
improvements under ERP and Hausdorff distances, with self-attention architecture showing high
sensitivity to selection quality. (iii) TrjSR exhibits moderate improvements across configurations.
As an image-based approach, it benefits from diverse spatial patterns while being less sensitive
to individual trajectory selection. (iv) TrajGAT shows variable performance across distances with
generally smaller improvements, possibly due to graph attention mechanisms handling noisy data
more robustly.

(4) Baseline Method Comparison: Among the baseline methods, Coreset and Curric generally
perform better than Rand and Active, but still fall significantly short of our method. For example,
under DTW similarity on Porto, Coreset achieves 37.7% HR@1 for TMN compared to our 40.3%,
while Curric reaches 36.6%. This indicates that while sophisticated selection strategies provide im-
provements over random sampling, our method captures trajectory characteristics more effectively
than existing approaches.

(5) Scalability with Ranking Metrics: The performance improvements are consistent across
different HR@a values, with particularly strong gains at higher « values. This suggests that our
method not only improves the top-1 accuracy but also enhances the overall ranking quality, which
is crucial for practical trajectory similarity applications where users may be interested in multiple
similar trajectories rather than just the most similar one.
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Table 5. Efficiency analysis results. Each cell format: (D/(@) represents T3S/TrajGAT. @=DTW, @®=Hausdorff.

Sim | Methods Porto Chengdu
e Traj Sel (s) | Data Constr (s) | Model Train (s) | Traj Sel (s) | Data Constr (s) | Model Train (s)
Rand 0.02/0.02 95.15/66.38 249.28/1670.18 | 0.003/0.004 | 387.79/201.68 | 331.53/5638.98

Coreset 54.3/50.40 | 121.69/84.85 | 220.47/2311.28 | 12.61/8.51 | 423.86/193.47 | 305.98/6901.15
Active 56.71/49.94| 91.87/68.16 240.29/1829.03 | 11.67/10.38 | 350.17/160.18 | 304.86/5432.57
© Curric 4.17/7.40 100.95/78.76 | 178.39/1541.99 | 7.76/8.12 | 466.04/191.75 | 203.71/4084.53
GoodTP |57.22/60.82| 12.14/36.08 765.91/8047.25 | 27.9/33.83 30.81/52.06 | 907.61/20051.26
w/o weight | 57.37/37.74 5.77/37.33 270.27/2215.53 | 29.75/24.31| 28.79/68.49 426.03/6493.48
Rand 0.02/0.02 53.41/74.43 256.66/1915.63 | 0.002/0.002 | 137.34/118.83 | 320.51/5507.15
Coreset 56.37/61.60 | 64.97/68.60 263.38/2311.61 | 9.47/8.18 | 154.45/110.38 | 314.38/6670.88
Active 55.75/61.21 51.3/59.59 139.91/1805.47 | 9.68/8.43 124.1/92.48 312.76/5212.92
8 Curric 4.32/4.55 54.9/58.22 177.05/1624.61 | 8.03/8.29 156.1/102.15 | 206.16/4116.64
GoodTP |54.85/47.66| 10.03/46.81 772.4/7982.06 |28.72/20.80| 17.65/47.62 |918.38/18396.44
w/o weight [ 60.61/37.17 6.32/37.22 285.74/2198.40 |30.41/20.92 14.8/49.61 326.66/5342.52

7.3 Ablation Study

In this section, we evaluate each component through ablation tests. For trajectory feature extraction,
we incorporate each feature with w/o SD (spatial distribution features) and w/o MV (movement
pattern features). For clustering, we replace our clustering with the SOTA deep learning-based
method [18], denoted as w/o Clust. For MCTS, we replace the MCTS policy with greedy policy
at each node, denoted as w/o MCTS. Finally, we denote w/o weight by replacing the weighted
learning component. Additionally, to assess how different clustering backbones affect downstream
performance, we compare our default K-means-based hierarchy against a DBSCAN-based [17]
variant, keeping all other components (MCTS selection and weighted learning) fixed. As shown in
Table 4, we have the following observations:

(1) Feature Components Show Variable Importance. The ablation results reveal that different
features contribute distinctly to performance. SD removal results in comparable drops (1-2% on
Porto, 0-2% on Chengdu), indicating spatial distribution features offer incremental gains. However,
removing MP leads to more substantial performance loss (2-3% on Porto, 1-3% on Chengdu),
demonstrating that movement pattern features are more critical for capturing trajectory dynamics.
(2) Clustering and MCTS Show Similarity-Dependent Criticality. For DTW similarity, the
clustering component proves most critical—its removal causes severe degradation (7-8% drop
on Porto for T3S, 9-11% on Chengdu). This suggests DTW-based methods benefit heavily from
organized trajectory grouping that exploits temporal alignment patterns. Conversely, for Hausdorff
distance, the MCTS component is most vital, with removals causing dramatic performance drops
(15-16% on Porto for T3S, 18-20% on Chengdu), indicating that strategic search is essential for
optimizing discrete point-wise distance metrics.

(3) Dataset Complexity Amplifies Component Sensitivity. Chengdu consistently shows greater
sensitivity to component removal than Porto, particularly for clustering (11% vs. 8% drop for
DTW) and MCTS (20% vs. 16% drop for Hausdorff). This likely reflects Chengdu’s more complex
features, where strategic exploration and organized grouping become substantially more critical
for maintaining high-quality trajectory selection performance.

(4) Clustering Algorithm Choice Affects Performance. GoodTP with K-means consistently
outperforms the DBSCAN variant, which still substantially exceeds the “w/o Clust” baseline. For
DTW, DBSCAN shows minimal degradation (Porto-T3S: 27.4% vs. 27.9% HR@1); for Hausdorff,
the gap is larger (Porto-T3S: 11.4% vs. 23.8%) yet DBSCAN still outperforms “w/o Clust” (11.4% vs.
8.8%). This confirms that K-means produces more balanced trees for effective MCTS exploration.
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7.4 Efficiency Evaluation

To evaluate the computational efficiency of our proposed GoodTP method, we conduct compre-
hensive experiments measuring the time breakdown across three critical phases: trajectory selection,
data construction, and model training. We compare GoodTP against four baseline methods across
two datasets, two distance functions (DTW and Hausdorff), and two learning models (T3S and
TrajGAT). Additionally, we include a variant of our method without the weighting mechanism
(w/o weight) to isolate the computational overhead of this component. The results are shown in
Table 5, and we have the following observations:

(1) Training Time Dominance and Model Architecture Impact. Model training constitutes
60-85% of total execution time due to intensive forward passes and gradient computation during
backpropagation. TrajGAT requires substantially longer training times compared to T3S because
TrajGAT employs graph neural networks with complex message passing over trajectory structures,
while T3S uses more efficient attention mechanisms. Dataset characteristics also significantly
impact training duration.

(2) Trajectory Selection Efficiency: Algorithmic Trade-offs. Rand and Curric demonstrate
superior selection efficiency through straightforward random sampling and simple sorting opera-
tions. Active and Coreset require more time due to the iterative optimization and the clustering
process. Our Good TP method maintains competitive efficiency using MCTS, which achieves high
efficiency through strategic search space pruning. Importantly, selection overhead represents only
2-8% of total execution time, making this computational investment acceptable given the trajectory
sampling quality improvements.

(3) Data Construction Revolution Through Caching Mechanisms. GoodTP achieves remark-
able efficiency gains in data construction, reducing processing time by 70-90% compared to baseline
methods. This dramatic improvement results from our novel caching mechanism that eliminates
redundant ground truth computations. Conventional methods repeatedly calculate distance metrics
and similarity measures for overlapping trajectory segments across different training iterations,
leading to substantial computational waste.

(4) Training Overhead: A Deliberate Trade-off for Adaptive Learning. GoodTP incurs
extended training time due to its online learning mechanism, which requires continuous validation
to adaptively adjust sample importance. This process introduces additional forward passes and
gradient computations beyond standard training loops, effectively increasing computational graph
complexity. However, our ablation study with the w/o weight variant provides crucial evidence:
removing the weighting mechanism reduces training time to competitive levels. This confirms that
the training overhead is not due to algorithmic inefficiency, but rather a deliberate design choice that
trades computational cost for superior model performance. Importantly, this trade-off is tunable.
Practitioners can balance training effectiveness and efficiency by applying the adaptive mechanism
at regular intervals (e.g., every k iterations) rather than at every iteration.

These results demonstrate that Good TP achieves a strategic efficiency optimization by investing
computational resources in the learning process (adaptive weighting) while dramatically reducing
costs in the preparation process (data selection and pair construction). This trade-off is acceptable
because it establishes a favorable paradigm: invest computational resources during training (a
one-time cost) to achieve superior model quality and faster inference (continuous benefits
in production deployment).

7.5 Evaluation on Hyperparameters
We evaluate three key hyperparameters: cluster number K, iteration number I;, and training budget

B. Following [3], we recommend a logarithmic (geometric-progression) search strategy for all three

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 190. Publication date: June 2026.



GoodTP: An Effective Data Selection Framework for Enhancing Trajectory Similarity Learning
via Monte Carlo Tree Search 190:21

Cluster Number K (Porto) Iteration Number /; (Porto) Budget B (Porto)

0.67//’§, 06— r——" 0.6
0.4_//‘§-\.\ e — 0,4/§

5 10 20 50 0.5k 1k 2k 5k 10 100k 1000k 5000k

HR@Avg
HR@Avg
o
vl
HR@Avg

Cluster Number K (Chengdu) Iteration Number /; (Chengdu) Budget B (Chengdu)

0.6 06 ‘;"____/‘—_/:‘ 06 /
S — . .
e

o o o
z z Z
€] ® —i 4| ©
€04/ T——| Z04 g
/\./_. '/o—o——o 0.4

5 10 20 50 0.5k 1k 2k 5k 10k 100k 1000k 5000k
—s— T3S-DTW —=— T3S-Hausdorff ~—+— TMN-DTW —e— TMN-Hausdorff

Fig. 5. Effectiveness Evaluation on Hyperparameters

hyperparameters, as sensitivity often scales approximately logarithmically. We report the average
across HR@{1,5,10,50} for two models (T3S, TMN) with two distance functions (DTW, Hausdorff) on
Porto and Chengdu datasets. As shown in Fig. 5, we have the following observations and practical
tuning guidelines.

(1) Cluster Number K: Cluster granularity impact varies significantly across models and datasets.
On Porto, TMN achieves optimal performance at K = 20, while T3S peaks at K = 10, suggesting
self-attention architectures benefit from coarser clustering. On Chengdu, TMN-Hausdorff degrades
significantly from K = 10 to K = 50, indicating excessive fragmentation disrupts selection. The
results suggest K = 10 ~ 20 provides optimal balance between flexibility and pattern coherence.
Tuning guideline. In our MCTS formulation, K controls the search tree’s branching factor. A small
initial K keeps the action space manageable, allowing the UCB policy to converge reliably during
early tuning. Therefore, for new datasets, we recommend starting with a small K and increasing
it geometrically (e.g., 5,10, ...). The search stops once validation gains drop below a marginal
threshold.

(2) Iteration Number I;: Performance consistently improves with increased iterations, validating
our policy optimization. On Porto, extending from 0.5k to 5k yields substantial gains: T3S-DTW
improves from 0.411 to 0.454 (+10.5%), TMN-DTW from 0.582 to 0.619 (+6.4%). On Chengdu,
TMN-Hausdorff improves from 0.606 to 0.698 (+15.2%). Gains diminish after 2k iterations (e.g.,
T3S-DTW: 0.451 at 2k vs. 0.454 at 5k), suggesting convergence around 2k iterations provides optimal
cost-effectiveness.

Tuning guideline. We recommend a geometric schedule for I; (e.g., I; € {500, 1000, 2000, 5000, ... })
while monitoring the cumulative reward within the MCTS tree. The tuning should stop when the
reward curve stabilizes (i.e., incremental improvements become negligible), indicating that the
sampling policy has converged.

(3) Training Budget B: Budget scaling reveals critical data efficiency insights. On Porto, TMN-
DTW improves from 0.513 (10k) to 0.642 (5000k) (+25.1%), while T3S-DTW shows 77.5% gains from
10k to 5000k but plateaus around 1000k. On Chengdu, TMN-Hausdorff exhibits strong scaling from
0.557 (10k) to 0.703 (5000k) (+26.2%). Importantly, substantial performance is achieved at moderate
budgets (100k-1000k), with diminishing returns beyond 1000k, enabling practical deployment
without exhaustive enumeration.

Tuning guideline. Our results indicate performance scales efficiently with data volume but hits
diminishing returns once the budget approximates the dataset size (e.g., improvement slows after
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Fig. 6. Evaluation of Trajectory Characteristics (Chengdu)

B =1000k ~ O(N)). Therefore, we suggest starting with a budget of order O(N) to ensure basic
coverage, then increasing B geometrically until performance saturates.

7.6 Impact of Trajectory Characteristics

We evaluate how different selection methods perform under varying trajectory data characteristics:
(1) trajectory number scaling from 25% to 100%, and (2) trajectory point sampling ratio from 25%
to 100%. Due to space constraints, we report results on Chengdu (Fig. 6) and have the following
observations:

(1) Performance Improves with Increased Data Volume. Performance generally improves with
more trajectory data, but improvement rates vary significantly. For T3S-DTW, GoodTP achieves
0.227 at 25% data and 0.332 at full data (46% improvement), while random selection improves from
0.227 to 0.293 (29%). This demonstrates that intelligent selection yields greater benefits as data
volume increases by prioritizing informative trajectories.

(2) Sampling Ratio Exhibits Non-Monotonic Pattern. As shown in Fig. 6b, lower trajectory
point sampling ratios produce simpler trajectories that are generally easier to learn, while higher
ratios preserve more details but increase learning complexity. However, extremely low ratios may
discard critical trajectory information required for distinguishing different trajectories. For instance,
TMN and TrjSR exhibit notably degraded performance at the 25% sampling ratio. Consequently,
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most models exhibit a non-monotonic pattern: performance peaks at moderate ratios (50% to 75%)
and declines at ratio 100%.

(3) Effective Selection Becomes Critical in Some Challenge Scenarios. The performance
gap between GoodTP and baselines widens significantly in three scenarios: (i) at extremely low
sampling ratios where over-simplified trajectories become difficult to distinguish, (ii) at high
sampling ratios where trajectories contain more noise and complexity, and (iii) when the trajectory
pool is large. This implies that simple baselines differ little from sophisticated methods only in
“easy” settings with moderate complexity and small data pools.

(4) Models Exhibit Different Data Scaling Behaviors. Models show distinct sensitivity to
data quantity and selection quality. TrjSR-Hausdorff improves dramatically from 0.504 (25%) to
0.640 (100%) under GoodTP (27% gain), while TMN-Hausdorff remains stable at 0.633-0.672 (6%
gain). This suggests TrjSR requires careful data curation for optimal performance, whereas TMN’s
architecture extracts value from diverse patterns with less stringent selection.

(5) GoodTP Maintains Consistent Advantage Across Conditions. Despite varying data con-
ditions, GoodTP consistently achieves the best or near-best performance. For sampling ratio
experiments, while baselines show significant performance drops at ratio 1.0, GoodTP main-
tains robust performance with only minor degradation. This validates that our selection strategy
adapts well to different trajectory characteristics without dataset-specific tuning, confirming its
dataset-agnostic nature.

8 Related Work

Trajectory Similarity Learning. The evolution of trajectory similarity learning has been driven
by pursuing computational efficiency and improved representation quality beyond traditional hand-
crafted distance metrics [35, 36]. Early deep learning approaches adopted recurrent neural networks,
where t2vec [28] pioneered sequence-to-sequence architectures with grid cell-based representations
for self-supervised trajectory embeddings. NEUTRAJ [48] introduced spatial attention mechanisms
to capture relationships between trajectories and spatial context, while Traj2SimVec [58] enhanced
efficiency by leveraging spatial indices for intelligent positive sample selection and sub-trajectory-
level loss functions for fine-grained similarity modeling. To address RNN limitations in capturing
complex point-level interactions, TMN [45] introduced a dual-branch architecture jointly learning
trajectory embeddings and explicit point matchings, though requiring pairwise trajectory inputs.
Recent advances shifted toward self-attention mechanisms, with T3S [46] combining LSTM and
self-attention to model sequential dependencies and point-wise interactions, and TrajCL [8] adopt-
ing a fully attention-based encoder that adaptively learns topological and spatial features through
contrastive learning. Alternative explorations include TrjSR [6], transforming trajectories into
fixed-size images for CNN-based processing, and TrajGAT [49], leveraging graph neural networks
over multi-level quadtree structures to model road network topology. Despite these architectural
innovations progressively improving representation capabilities, a critical limitation persists: all exist-
ing methods uniformly rely on random trajectory pair sampling to construct training data, without
considering sample informativeness, difficulty, or diversity.

Data Selection for Model Training. Effective data selection in data-centric Al encompasses
two established paradigms. Selection-before-training approaches identify core training subsets
using static metrics computed prior to model training, typically employing gradient-based com-
putations [24, 44] or clustering-based gradient approximations [7]. For example, coreset selection
methods [7] partition datasets into clusters and compute item-cluster distances to approximate
gradient bounds for efficient subset selection. However, these static methods cannot adapt to evolv-
ing model capabilities and require complete upfront dataset access. In contrast, iterative dynamic
selection methods [26, 32, 59, 61] continuously adapt selection strategies through active learning or
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curriculum learning paradigms, leveraging training signals such as sample difficulty, loss gradients,
or model uncertainty to progressively refine training subsets. However, these approaches suffer
from myopic round-by-round optimization lacking global coherence and often require frequent
model retraining and data re-evaluation.

Therefore, both paradigms assume complete dataset access and require exhaustive traversal,
which is impractical for trajectory similarity learning where training pairs scale quadratically
(O(N?) for N trajectories). This quadratic growth renders gradient-based coreset methods com-
putationally infeasible. While clustering-based coreset methods could be adapted, they require
redesigns for dynamic pair generation. These limitations motivate formulating data selection as
a trajectory sampling problem that intelligently generates informative pairs on-the-fly without
exhaustive enumeration.

Recent reinforcement learning—based data selection methods (e.g., [47]) are promising, but di-
rectly applying generic RL baselines to trajectory similarity learning faces significant computational
barriers. The core challenge lies in modeling the selection policy due to the complex action space.
If we formulate the action as selecting a specific trajectory or pair, the resulting discrete action
space scales linearly (O(N)) or quadratically (O(N?)) with the dataset size. Such scaling renders
policy exploration and training prohibitively expensive, making competitive RL-based baselines
impractical for our setting. Thus, we solve the “action space” challenge by structuring the policy as a
Monte Carlo Tree Search (MCTS) on a hierarchical clustering tree with theoretical guarantees. This
transforms the infeasible flat selection problem into a manageable hierarchical decision process.

9 Conclusions and Discussions

We present GoodTP, a principled framework addressing data selection in trajectory similarity
learning. Our framework makes three contributions. First, we design a hierarchical clustering index
to organize trajectories, enabling efficient cluster-based sampling. In particular, Good TP adopts a
modular architecture where users can substitute task-specific features for building the index without
modifying the core framework. Second, we formulate selection as tree traversal policy optimization
with an MCTS-based solution providing theoretical convergence guarantees. Third, we introduce
cache-enhanced weighted learning through bilevel optimization, bridging the trajectory-to-pair
selection gap while achieving efficiency through similarity reuse. Experiments across four models
on three real-world datasets demonstrate that GoodTP achieves the best performance in most
cases.

GoodTP is readily extensible to other domains where constructing informative training pairs is
computationally expensive, such as graph similarity learning [31] and sequential recommendation
systems [23]. In graph similarity learning, the data selection challenge mirrors that of trajectory
representation learning. GoodTP addresses this by leveraging graph-level features (e.g., degree
distributions, motif statistics) for hierarchical clustering, while the MCTS-based policy traverses
the hierarchy to select informative pairs for training graph neural networks. For sequential recom-
mendation, data selection is critical in contrastive learning scenarios, where choosing high-quality
sequence pairs from massive user logs is essential. Modeling user sequences as item “trajectories”,
Go00odTP characterizes them using behavioral features and dynamically selects informative pairs
(e.g., hard negatives) to enhance training, avoiding the inefficiency of random sampling. Overall,
these extensions demonstrate the broad applicability of GoodTP across domains with expensive or
nontrivial pair construction.
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