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Abstract
Due to proliferation of vehicle trajectory data from
advanced sensing technologies, path representa-
tion learning has become a pivotal task in in-
telligent transportation systems. Although exist-
ing self-supervised approaches work to some ex-
tent, their dependence on deterministic contrastive
learning paradigms and handcrafted view augmen-
tation strategies inherently restricts cross-scenario
generalization capabilities. To address these lim-
itations, we present DGCPATH – an innovative
Distribution-aware Generative Contrastive learning
framework for Path representation. This architec-
ture establishes a synergistic connection between
generative modeling and distributional contrastive
learning, enabling the acquisition of robust and
transferable feature embeddings. Specifically, our
framework incorporates: (1) a diffusion-based view
generator that autonomously produces semanti-
cally coherent yet diversified trajectory views from
Gaussian noise distributions; (2) a variational con-
trastive mechanism enforcing latent feature align-
ment at the distribution level, transcending conven-
tional instance-wise consistency; and (3) a novel
generative cross-supervision module that reinforces
view-level consistency through cross-view recon-
struction learning. Comprehensive evaluations on
three real-world trajectory datasets demonstrate
DGCPATH’s superior performance over state-of-
the-art baselines in two distinct downstream tasks,
validating its enhanced generalization capacity and
representation effectiveness.

1 Introduction
Increasingly large volumes of vehicle path data are be-
ing accumulated that hold the potential to enable an ex-
panding range of analyses in intelligent transportation sys-
tems [Jensen et al., 2024; Zhao et al., 2025; Yang et al.,
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Figure 1: Traditional Contrastive Pipeline vs. DGCPATH.

2023; Yang et al., 2021; Han et al., 2025; Li et al., 2015;
Li et al., 2018; Li et al., 2016; Li et al., 2017]. Represen-
tation learning for such data is a key enabler of such anal-
yses, as it represents raw paths by compact and informa-
tive low-dimensional vectors [Yang et al., 2023; Yang et al.,
2021; Yang et al., 2022a; Yang et al., 2025; Yang et al.,
2026]. These representations facilitate intelligent transporta-
tion applications, such as traffic analysis [Zhao et al., 2025;
Zhou et al., 2025; Jiang et al., 2023; Wu et al., 2024;
Lin et al., 2023; Mao et al., 2025; Yu et al., 2024; Pan
et al., 2023], path recommendation [Yang et al., 2022b;
Xu et al., 2025], and traffic prediction [Wei et al., 2025;
Yang et al., 2023; Fang et al., 2021].

Thus, substantial efforts have been devoted to learning
generic path representations capable of supporting a wide
range of downstream applications [Yang et al., 2023; Wei
et al., 2025; Yang et al., 2021; Xu et al., 2025; Yang et
al., 2022a]. However, the reliance of existing proposals on
deterministic contrastive loss functions is a core limitation.
As illustrated in Figure 1(a), most existing proposals adopt
a traditional contrastive learning pipeline that contrasts two
deterministic path samples (i.e., Instance Contrast) to learn
generic path representations. For example, PIM [Yang et al.,
2021] employs an InfoNCE-based loss to align deterministic
positive samples and separate negative ones. In contrast, as
shown in Figure 1(b), the contrastive formulation in Figure
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1(a) is a special case of the more general distribution-based
contrastive training. The former’s rigid, deterministic regime
limits the expressiveness of learned representations and re-
duces their ability to generalize in dynamic, real-world sce-
narios.

A further key limitation of existing proposals is their use
of pre-defined view augmentation strategies. For instance,
methods like START [Jiang et al., 2023] generate different
path views through node dropping (e.g., as shown in Figure
1(a)) to obtain augmented path views and optimize them us-
ing deterministic contrastive objectives. Although this gen-
eral approach enables strong empirical performance, it relies
heavily on the use of carefully chosen augmentations, of-
ten requiring extensive trial-and-error tuning. This static and
inflexible design constrains the adaptability of learned rep-
resentations, particularly when transferred across difference
tasks.

To overcome these limitations, we introduce DGCPATH,
a novel Distribution-aware Generative Contrastive learning
framework for Path representation learning. Rather than en-
forcing consistency on deterministic feature vectors, DGC-
PATH models each path representation as a latent probabil-
ity distribution, enabling the learning of continuous, smooth,
and uncertainty-aware embeddings. By aligning distribu-
tions rather than fixed instances, DGCPATH relaxes the rigid
constraints inherent to deterministic proposals and mitigates
overfitting to specific samples [Kingma and Welling, 2014].
The probabilistic formulation and the resulting enhanced flex-
ibility of the encoder improves the generalization capabilities
of the learned representations markedly across different tasks.

DGCPATH consists of three main components: a path
encoder, a path view generator, and a generative varia-
tional–contrastive component. First, the path encoder maps
each path into a latent representation by jointly capturing its
spatial structure and temporal dynamics. Second, we intro-
duce a diffusion-based path view generator that automatically
synthesizes diverse yet semantically consistent path views
from random Gaussian noise. This generative mechanism
facilitates the construction of informative contrastive pairs
without relying on manually designed augmentation heuris-
tics.

Next, we leverage contrastive learning to constrain the
distribution of latent features such that samples originating
from the same path are encouraged to share similar distri-
butions, while those from different paths are separated in
the latent space. Specifically, we unify generative model-
ing with contrastive learning by proposing a generative vari-
ational contrastive model that integrates the strengths of both
paradigms: capturing path-invariant characteristics via gen-
erative learning, and emphasizing inter-path discriminability
through contrastive objectives. We also propose a genera-
tive cross-supervision module that replaces traditional self-
supervision with a cross-view alignment mechanism. This
design promotes consistency in the learned feature distribu-
tions across different views of the same path, thereby en-
hancing the robustness and semantic fidelity of the represen-
tations.

The main contributions are as follows:
• We propose DGCPATH that integrates generative mod-

eling and distribution-based contrastive learning to learn
robust and generalizable path representations.

• We propose a diffusion-based path view generator that
automatically produces semantically consistent yet di-
verse path views from noise, eliminating the need for
handcrafted augmentation.

• We propose a generative cross-supervision module and
distributional contrastive loss to enforce consistency
among views of the same path while promoting sepa-
ration across different paths at the distribution level.

• We report on extensive experiments on three real-world
datasets and considering two downstream tasks, show-
ing that DGCPATH can consistently outperform state-
of-the-art methods in terms of both representation qual-
ity and downstream performance.

2 Related Work
Path Representation Learning Path representation learn-
ing has been studied widely due to its key role in facilitating
intelligent transportation system analyses [Xu et al., 2025;
Wei et al., 2025; Yang et al., 2021; Yang et al., 2022a;
Yang et al., 2023; Zhao et al., 2025; Zhou et al., 2024;
Zhou et al., 2025; Jiang et al., 2023]. Most existing meth-
ods focus on single-modality data (i.e., path sequences).
For instance, PIM [Yang et al., 2021] utilizes curriculum-
based negative sampling for contrastive learning on graph-
based path embedding, and TPR [Yang et al., 2022a] en-
hances temporal path representations through temporally-
informed view construction, while LIGHTPATH [Yang et al.,
2023] introduces a lightweight and scalable framework us-
ing mask-ratio-based path view generation. From a mul-
timodal perspective, MM-PATH [Xu et al., 2025] incorpo-
rates path–image pairs and learns general representations via
path–image contrastive learning, whereas PATH-LLM [Wei
et al., 2025] leverages path textual descriptions and large lan-
guage models (LLMs) to enrich path semantics. We do not
include these methods as baselines, as our study focuses ex-
clusively on the path modality. However, two key limitations
remain. First, except for multimodal approaches, existing
methods generally rely on manually designed or fixed path
view generation strategies. Second, both generative and con-
trastive objectives are typically deterministic, which can limit
the diversity and generalizability of learned path representa-
tions.

3 Preliminaries
Definition 1. (Road Network) A road network is modeled as
a directed graph G = (V ,E ), where V denotes a set of N
nodes representing road intersections, and E denotes a set of
directed M edges representing road segments.

Definition 2. (Path) A path p = ⟨v1, v2, v3, . . . , v|p|⟩
is an ordered sequence of connected nodes. Consecutive
nodes in the sequence are connected by directed edges, i.e.,
(vi, vi+1) ∈ E for all 1 ≤ i < |p|, ensuring the topological
continuity of the path.
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Figure 2: The DGCPATH Framework.

Problem Statement Given a road network G and a set of
paths P = {pi}Ni=1, the objective is to learn a mapping func-
tion fθ : P → Rd, such that fθ maps each path pi ∈ P to a
d-dimensional representation vector in a latent space, with θ
denoting the learnable parameters of the function.

4 Methodology
The DGCPATH framework is illustrated in Figure 2. The
core idea is to integrate the path encoder, the diffusion-based
path view generator, and the generative variational contrastive
component to enable more generic path represenation learn-
ing.

4.1 Path Encoder
Spatial Embedding The encoder aims to learn segment
embeddings that preserve the topological structure of the
road network, as such representations are fundamental to path
modeling. Given a road network graph G = (V ,E ), we em-
ploy the NODE2VEC algorithm [Grover and Leskovec, 2016]
to initialize spatial embeddings for each node. These embed-
dings capture the structural context of the network and serve
as the basis for the subsequent path representation learning,
which is formulated as follows:

zG = Node2vec(G(V ,E )), (1)

where zG ∈ Rdn is a set of node embeddings for road net-
work G and dn is the feature dimensionality.
Path Embedding The path embedding module aims to
learn path representations by aggregating consecutive road
segment embeddings through spatial embedding. As shown
in Figure 2, for a given path pi = ⟨v1, v2, v3, v4, v5, v6⟩, the
spatial embedding module first transforms the sequence of
nodes in a path to a sequence of node embeddings for the
path, i.e., ⟨z1, z2, . . . , z6⟩ = zG(⟨v1, v2, . . . , vt⟩). Next, we
employ the Transformer architecture to process the spatial
embeddings (i.e., the zi) and the positional embedding of the
road segments within the path, computing the path embed-
ding as follows:

hpi
= ⟨zG(v1) + pe1, . . . , zG(vi) + pei⟩,

zpi = σ

(∑ Transformer(hpi
)

|pi|

)
,

(2)

where the vi are the nodes in the path, zG is the spatial em-
bedding function, the hpi captures the node embeddings after
incorporating the position embedding pei, |pi| is the number
of nodes in a path, and zpi is the resulting path embedding.
The function Transformer(·) refers to a Transformer archi-
tecture based on the self-attention mechanism.

4.2 Path View Generator
To facilitate path encoder learning, we propose an automatic
path view generation strategy based on a diffusion and de-
noising process applied to the initial path embedding.

Forward Process Conditioned on the path embedding zpi

generated by the path encoder, we aim to learn the underly-
ing distribution of path embeddings to enable automatic path
view generation. This distribution is modeled using a gener-
ative diffusion process, where the values of the path embed-
ding vector are diffused progressively and then denoised over
discrete time steps. Specifically, given the initial path em-
bedding zpi

, we formulate the diffusion process as a Markov
chain zpi

= (z 0pi
, z 1pi

, . . . , zTpi
), where T denotes the total

number of diffusion steps. Going from z 0pi
to zTpi

(i.e., the for-
ward process with noising), we iteratively add small amounts
of Gaussian noise, gradually corrupting the original path em-
bedding until it becomes pure Gaussian noise. This process
has an analogy in the image domain, where noise is typically
applied independently across dimensions [Yang et al., 2024].
The corruption of path embeddings is governed by the fol-
lowing transition probabilities:

q(z tpi
|z t−1
pi

) := N
(
ztpi

;
√
1− βtz

t
pi
, βtI

)
, (3)

where βt = 1− αt and ᾱt =
∏t

s=1 αt.

Reverse Process The view generation process for the path
embedding zpi is formulated as a reverse denoising proce-
dure, iteratively refining the embedding from zTpi

back to z 0pi
.

Specifically, starting from the fully noised embedding zTpi
, we

progressively remove the noise step by step to ultimately re-
cover a sample from the original data distribution. This pro-
cess is defined as follows:

pθ(z
t−1
pi

|z tpi
) := N

(
z t−1
pi

;µθ(z
t
pi
, t),Σθ(z

t
pi
, t)

)
, (4)
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where Σθ is set to fixed, time-dependent constants to sim-
plify the computation. To complete the reverse process, we
incorporate a trainable rounding step pθ(zpi

| z 0pi
) that maps

the denoised hidden states back to the final path view em-
bedding. Specifically, we employ a learnable model fθ(z tpi

, t)
to parameterize this reverse mapping, effectively modeling
pθ(zpi

| z 0pi
).

To train the diffusion model, we adopt a Kullback–Leibler
(KL) divergence-based objective to enable more efficient op-
timization. This approach compares the reverse transition dis-
tribution pθ(z

t−1
pi

| z tpi
) with the corresponding posterior of

the forward process, which leads to a simplified mean squared
error (MSE) training loss, denoted as Ldiff :

Ldiff

(
z 0pi

)
=

T∑
t=1

E
q(z t

pi
|z0

pi
)

∥∥µθ

(
z tpi

, t
)
− µ̂

(
z tpi

, z 0pi

)∥∥2 ,
(5)

where µθ

(
z tpi

, t
)

is the predicted mean of pθ(z
t−1
pi

| z tpi
)

computed by a neural network, and µ̂
(
z tpi

, z 0pi

)
denotes the

mean of the posterior q(z t−1
qi |z tqi , z

0
qi), which is tractable

when conditioned on z 0qi .
Automatic View Generation In contrastive learning, the
diffusion model is employed as a path view generator to ob-
tain multiple diverse yet semantically consistent representa-
tions of a given path embedding (i.e., z (1)pi and z

(2)
pi ). These

generated views serve to improve the quality and robustness
of contrastive representation learning. Given a path embed-
ding zpi

, we begin by sampling a noise vector from a standard
Gaussian distribution, denoted as z̃Tpi

∼ N (0, I), where I is
the identity matrix. Starting from this noisy input, we itera-
tively apply the reverse diffusion process to progressively de-
noise the representation and recover a refined embedding z 0pi

.
In each reverse step, the process involves two key operations:
1) A rounding step that maps the intermediate state z tpi

back
into the path embedding space; 2) a replacement step in which
certain components of the recovered embedding z t−1

pi
are sub-

stituted with corresponding segments from the original path
embedding zpi

to retain critical semantic information. This
iterative procedure yields a single generated path view. To
obtain a pair of views for contrastive learning, the process is
performed twice with independently sampled Gaussian noise,
resulting in z

(1)
pi and z

(2)
pi (see Figure 2). While originating

from the same input path embedding, the stochastic nature of
the initial noise introduces meaningful variation, which is es-
sential for learning robust and discriminative representations
through contrastive objectives.

4.3 Generative Variational Contrastive Module
We further detail the design of our distribution-aware genera-
tive contrastive module, which explicitly aligns distributions
of positive samples while maximizing divergence from nega-
tive ones in a generative latent space [Wang et al., 2024].
Distributional Contrastive Learning For each pair of path
views, z (1)pi and z

(2)
pi , generated by the automatic view genera-

tor, two independent fully connected layers, denoted as fµ(·)
and fσ(·), are employed to project the features into a high-
dimensional invariant space. As a result, each sample yields

two sets of parameters: (µ(1)
pi , σ(1)

pi ), (µ(2)
pi , σ(2)

pi ), correspond-
ing to the mean and standard deviation of each view. We
assume that the latent features of the two path views follow
Gaussian distributions parameterized by the respective mean
and standard deviation vectors.
z (1)pi

(x ) ∼ N (x ;µ(1)
pi

, σ(1)
pi

), z (2)pi
(x ) ∼ N (x ;µ(2)

pi
, σ(2)

pi
) (6)

The KL divergence can be employed as a regularization
term to enforce that the latent representations of all samples
approximate a standard normal distribution, with mean 0 and
standard deviation 1.

DKL(N (µ, σ),N (0, 1)) (7)

In generative tasks, encouraging the model to produce sam-
ples similar to the training set is often beneficial. However, in
tasks such as path recommendation and traffic analysis, forc-
ing all samples to follow a uniform distribution can weaken
the discriminative capabilities of the feature extractor. To ad-
dress this issue, our method aims to constrain samples from
the same path (i.e., positive samples) to follow similar Gaus-
sian distributions, while ensuring that samples from differ-
ent paths (i.e., negative samples) are mapped to distributions
that are as dissimilar as possible. Achieving this objective
involves computing the distance between two distributions.

A natural choice is to use the KL divergence, commonly
used in Variational Autoencoders (VAEs) and defined as fol-
lows:

DKL(z
(1)
pi

(x )∥z (2)pi
(x )) =

∫
z (1)pi

(x ) ln
z
(1)
pi (x )

z
(2)
pi (x )

dx . (8)

However, the KL divergence is inherently asymmetric,
meaning that it yields different values depending on the or-
der of the input z (1)pi (x ) and z

(2)
pi (x ). In VAEs [Kingma and

Welling, 2014], this asymmetry is not problematic, as all la-
tent representations are explicitly regularized toward a fixed
standard normal distribution with zero mean and unit vari-
ance, yielding a unidirectional mapping. However, in con-
trastive learning, the goal is to estimate the similarity between
distributions of two augmented path views derived from the
same input path. Thus, the similarity measure must be order-
invariant to ensure that the positive pairs are treated symmet-
rically, regardless of the order in which they occur as argu-
ments.To achieve this, we adopt the Jensen–Shannon (JS) di-
vergence, a symmetric variant of the KL divergence. The JS
divergence computes the similarity between two distributions
in an order-invariant manner, making it well-suited for con-
trastive learning, where symmetric comparison of augmented
views is essential. Formally, the JS divergence between two
distributions z (1)pi (x ) and z

(2)
pi (x ) is defined as follows:

DJS (z
(1)
pi (x ), z (2)

pi (x )) =
1

2
DKL

(
z (1)
pi (x )∥ z

(1)
pi (x ) + z

(2)
pi (x )

2

)

+
1

2
DKL

(
z (2)
pi (x )∥ z

(1)
pi (x ) + z

(2)
pi (x )

2

)
.

(9)
Here, the distance between two distributions is normalized
to be in the interval [0, 1], with a smaller value indicating
higher similarity. Consequently, the objective Lvc of varia-
tional contrastive learning is to minimize this divergence for
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positive pairs, encouraging consistency between their latent
representations.

Lvc =
{
min

(
JS
(
z (1)
pi (x ), z (2)

pi (x )
))

,

max

B∑
k=1,k ̸=i

JS
(
z (1)
pi (x ), z (1)

pk (x )
)
+ JS

(
z (1)
pi (x ), z (2)

pk (x )
) }

,

(10)
where B denotes the number of samples in a batch.

In addition, from the definition of KL divergence, we have
the following:

DKL

(
z (1)
pi (x )

∥∥∥ z
(1)
pi (x ) + z

(2)
pi (x )

2

)
=

∫
z (1)
pi (x ) ln z (1)

pi (x ) dx−
∫

z (1)
pi (x ) ln

z
(1)
pi (x ) + z

(2)
pi (x )

2
dx.

(11)
The JS divergence between two multivariate Gaussian distri-
butions can now be formulated as follows:

DJS

(
z (1)pi

(x ), z (2)pi
(x )

)
= −1

4

N∑
i=1

In

(
σ1
pi
σ2
pi

)2(
(σ1

pi
)2+(σ2

pi
)2

2

)2

+
1

4

N∑
i=1

(σ1
pi
)2 + (σ2

pi
)2 + 2

(
µ1
pi

−µ2
pi

2

)2

(
(σ1

pi
)2+(σ2

pi
)2

2

)2 + 2. (12)

The JS divergence provides a convenient metric for quanti-
fying the distance between two probability distributions. In-
spired by the SimCLR framework [Chen and He, 2021], we
reformulate the contrastive distribution loss in Eq. 10 as fol-
lows:
Lvc =

− In
e

−DJS(z(1)pi
(x),z

(2)
pi

(x))
t∑N

k=1,k ̸=i e
−DJS(z(1)pi

(x),z
(1)
pk

(x))
t + e

−DJS(z(1)pi
(x),z

(2)
pk

(x))
t

,

(13)
where N is the batch size and t is the temperature parameter.
Generative Cross-Supervision Learning As illustrated in
Figure 2, to encourage the encoder to capture invariant fea-
tures, we incorporate a generative supervision signal into the
framework. Specifically, latent embeddings g(1)pi and g

(2)
pi are

sampled from the respective latent distributions z
(1)
pi (x ) and

z
(2)
pi (x ). However, direct sampling from these distributions

is non-differentiable, which hinders end-to-end training via
backpropagation. To address this limitation, we adopt the
reparameterization trick [Kingma and Welling, 2014] that en-
ables differentiable sampling by expressing a stochastic vari-
able as a deterministic function of the distribution parameters
and a noise term:

g = µ+ σϵ, (14)
where ϵ ∼ N (0, 1), so that g ∼ N (µ, σ). The resulting sam-
ples g

(1)
pi and g

(2)
pi are then passed to a decoder with shared

parameters. The decoder, implemented as a three-layer

fully connected network with batch normalization, transforms
the latent samples into reconstructed path embeddings ẑ

(1)
pi

and ẑ
(2)
pi . To guide this reconstruction, we employ a self-

supervised objective. Conventional approaches typically use
a direct supervision strategy, where the original embeddings
z
(1)
pi and z

(2)
pi are used to supervise their respective reconstruc-

tions ẑ (1)pi and ẑ
(2)
pi . Instead, we introduce a cross-supervision

mechanism, where z
(1)
pi is used to supervise ẑ

(2)
pi , and z

(2)
pi is

used to supervise ẑ (1)pi . This design offers two key advantages:
(1) it forces the model to focus on semantically invariant fea-
tures rather than spatially anchored or coordinate-dependent
cues; and (2) as g(1)pi and g

(2)
pi are sampled from two distinct

distributions, the cross-supervision strategy facilitates align-
ment between them, thereby reinforcing the core objective of
variational contrastive learning. The optimization objective
of this module is formally defined as follows:

Lcs = max
(
sim

(
ẑ (1)pi

, z (2)pi

)
+ sim

(
ẑ (2)pi

, z (1)pi

))
, (15)

where sim(·) denotes the similarity between two path embed-
dings and is computed via MSE.

As a result, the final objective is formulated as follows:

L = λ1Ldiff + λ2Lvc + λ3Lcs , (16)

where λ1, λ2, and λ3 are weight hyper-parameters that are
used for balancing the contributions of the individual losses.
Specifically, we adopt an uncertainty-based weighting strat-
egy to dynamically adjust each loss component during train-
ing [Kendall et al., 2018].

5 Experiments
Datasets We conduct experiments on three real-world
datasets: Aalborg (Denmark) [Yang et al., 2022b], Chengdu
(China) [Yuan et al., 2022], and Harbin (China) [Li et al.,
2019]. Each dataset includes a road network extracted from
OpenStreetMap and GPS trajectories. The Aalborg road net-
work consists of 10,017 nodes and 11,597 edges; Chengdu
comprises 6,632 nodes and 17,038 edges; and Harbin con-
tains 8,497 nodes and 14,497 edges. After map-matching
[Yang and Gidófalvi, 2018; Han et al., 2026], we obtain
33,264 paths for Aalborg, 54,491 for Chengdu, and 259,615
for Harbin.

Downstream Tasks Path Travel Time Estimation: Each
path is associated with a travel time (seconds) obtained from
trajectories. We aim to build a regression model to estimate
the travel times of paths. We evaluate the accuracy of the
estimations using Mean Absolute Error (MAE), Mean Abso-
lute Percentage Error (MAPE), and Root Mean Square Error
(RMSE). Smaller values indicate higher estimation accuracy.
Path Ranking: Given a set of candidate paths—typically
sharing the same source and destination—each path is as-
signed a ranking score within the range [0, 1], reflecting its
relative preference based on historical trajectory data. Follow
previous studies [Yang et al., 2022b; Yang and Yang, 2020;
Yang and Yang, 2019], we compute these scores using simi-
larity measurements derived from real-world trajectories. To
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HIERETA 3.097 18.620 5.058 5.060 28.820 7.921 4.897 16.506 5.961
COMPACTETA 3.030 19.726 4.791 4.832 28.678 7.447 4.372 14.974 5.362
HMTRL 3.515 19.955 5.792 4.861 28.529 7.473 4.704 15.543 5.803

U
ns

up
er

vi
se

d

NODE2VEC 5.701 35.485 8.165 5.997 35.919 8.653 5.399 18.709 6.773
TOAST 3.439 21.311 5.555 4.918 28.567 7.513 4.627 16.101 5.803
PIM 3.471 21.314 5.640 4.924 28.553 7.493 4.538 15.713 5.682
START 2.965 18.432 4.979 5.174 30.769 7.726 4.402 15.262 5.503
LIGHTPATH 2.920 18.254 4.932 4.850 28.387 7.406 4.221 14.962 5.310
RED 2.457 14.907 3.809 4.845 28.380 7.296 4.097 14.214 5.153
DGCPATH 2.131 13.654 3.725 4.659 27.488 7.064 4.016 13.905 5.042

Table 1: Overall Accuracy at Travel Time Estimation.

Method Aalborg Chengdu Harbin
MAE↓ TAU(τ )↑ RHO(ρ)↑ MAE↓ TAU(τ )↑ RHO(ρ)↑ MAE↓ TAU(τ )↑ RHO(ρ)↑

Su
pe

rv
is

ed PATHRANK 0.159 0.727 0.751 0.123 0.703 0.742 0.145 0.821 0.832
HIERETA 0.152 0.757 0.767 0.178 0.735 0.774 0.133 0.846 0.879
COMPACTETA 0.169 0.698 0.709 0.195 0.661 0.705 0.160 0.796 0.833
HMTRL 0.163 0.729 0.741 0.149 0.779 0.789 0.133 0.838 0.874

U
ns

up
er

vi
se

d

NODE2VEC 0.253 0.632 0.637 0.246 0.464 0.505 0.211 0.468 0.512
TOAST 0.138 0.768 0.779 0.131 0.734 0.752 0.161 0.840 0.878
PIM 0.141 0.764 0.777 0.125 0.725 0.745 0.119 0.879 0.911
START 0.178 0.839 0.859 0.228 0.638 0.679 0.151 0.859 0.890
LIGHTPATH 0.118 0.781 0.791 0.195 0.711 0.748 0.122 0.881 0.913
RED 0.109 0.819 0.823 0.129 0.797 0.833 0.127 0.858 0.865
DGCPATH 0.107 0.846 0.870 0.114 0.819 0.859 0.112 0.898 0.925

Table 2: Overall Accuracy at Path Ranking.

evaluate the performance of path ranking, we use three widely
used metrics: Mean Absolute Error (MAE), the Kendall rank
correlation coefficient (τ ), and the Sperman rank correlation
coefficient (ρ). These metrics collectively assess both the ac-
curacy of the predicted ranking scores and the consistency of
the predicted orderings relative to the ground truth.

Baselines We consider 10 baseline methods, including 6
unsupervised and 4 supervised methods. The unsuper-
vised methods include NODE2VEC [Grover and Leskovec,
2016], TOAST [Chen et al., 2021], PIM [Yang et al., 2021],
START [Jiang et al., 2023], LIGHTPATH [Yang et al.,
2023], and RED [Zhou et al., 2024]. Among them, PIM,
START, and LIGHTPATH rely on pre-defined view augmen-
tation strategies, such as random masking or node drop-
ping. The supervised methods include PathRank [Yang et al.,
2022b], HIERETA [Chen et al., 2022], COMPACTETA [Fu
et al., 2020], and HMTRL [Liu et al., 2023]. These methods
leverage task-specific labels to learn path representations.

For all unsupervised methods, we first pre-train the path
encoder on unlabeled trajectory data (i.e., 30/50/200K sam-
ples from Aalborg/Chengdu/Harbin) to obtain path embed-
dings. These embeddings are subsequently fed to a regres-
sion model trained on a smaller labeled subset (e.g., 12K
labeled paths from Aalborg) to predict travel time and path
ranking scores. We adopt the Gradient Boosting Regressor
(GBR) [Peter et al., 2017] as the predictive model due to the
regression nature of our tasks. In contrast, supervised meth-

ods train the path encoder end-to-end using only the labeled
data (e.g., 12K samples per city) without leveraging unla-
beled paths.

Impementation Details We employ a Transformer archi-
tecture and randomly initialize all learnable parameters with
uniform distributions. We employ node2vec to embed each
node to 128-dimensional vectors and set the dimension for
path representation to 128. For a fair comparison, we set
the path representation dimensionality of all baseline meth-
ods as 128. We use the AdamW optimizer with a cosine de-
cay learning rate schedule over 600 epochs, with a warm-
up period of 50 epochs. The source code is available at
https://github.com/Sean-Bin-Yang/DGCPath.

5.1 Performance Findings
We first evaluate the accuracy of all methods on the down-
stream tasks. Tables 1 and 2 show the performance of all
methods at travel time estimation and path ranking tasks on
the three datasets. The overall best performance is marked
in bold, and the second-best performance is underlined. We
make three main observations: 1) DGCPATH achieves the
best performance across all baselines at both tasks on all three
datasets. Specifically, at the travel time estimation task on
the Aalborg dataset, DGCPATH reduces MAE and RMSE by
up to 13.27% and 2.21%, respectively. At the path ranking
task on the Harbin dataset, it increases Kendall’s τ and Spear-
man’s ρ by up to 4.66% and 6.94%, respectively. These im-
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Figure 3: Effects of Pre-training.

provements stem from the improved feature learning capabil-
ities of the proposed diffusion-based view generator. Further-
more, the use of a distribution-aware generative contrastive
loss enables the model to learn more generalizable path rep-
resentations, leading to enhanced overall performance. 2)
The supervised methods, including PATHRANK, HIERETA,
COMPACTETA, and HMTRL, show relatively poor perfor-
mance, primarily due to the limited size of the labeled train-
ing data. Collecting task-specific labels is often expensive
and labor-intensive. The experiments are thus performed in
a realistic setting where labeled data is scarce. 3) All unsu-
pervised methods are capable of learning generic path rep-
resentations. Methods like TOAST, PIM, START, LIGHT-
PATH, and RED consistently outperform NODE2VEC across
all three datasets. This is because NODE2VEC, originally de-
signed for node-level representation, fails to capture the se-
quential dependencies between nodes in a path. In contrast,
the other unsupervised methods are designed specifically for
path representation learning and recognize the importance
of effectively modeling spatial dependencies. Among them,
DGCPATH achieves superior performance due to its integra-
tion of a diffusion-based view generator and a distribution-
aware contrastive learning framework, enabling it to better
capture both spatial structure and representation diversity.

5.2 Ablation Study
We study three additional variations of our method to eval-
uate the contribution of each key component: (1) w/o DVG
excludes the diffusion-based view generator, (2) w/o VCM ex-
cludes the variational contrastive module, and (3) w/o GCSM
excludes the generative cross-supervision module. The re-
sults, in Table 3, show that all components contribute to the
performance of DGCPATH at both tasks, as removing any of
the components yields a performance drop. However, the ex-
tent of each component’s impact varies by task. Notably, the
VCM plays a more critical role than DVG and GCSM, indicat-
ing its importance in learning generalizable path representa-
tions. Removing DVG or GCSM also degrades performance,
highlighting the complementary strengths of all modules.

Methods
Aalborg

Travel Time Estimation Path Ranking
MAE/MAPE/RMSE MAE/τ /ρ

w/o DVG 2.33/14.23/3.89 0.12/0.80/0.81
w/o VCM 2.64/16.05/4.75 0.13/0.77/0.80
w/o GCSM 2.31/14.74/4.01 0.14/0.83/0.84
DGCPATH 2.13/13.65/3.73 0.11/0.85/0.87

Methods
Chengdu

Travel Time Estimation Path Ranking
MAE/MAPE/RMSE MAE/τ /ρ

w/o DVG 4.66/27.49/7.06 0.13/0.79/0.83
w/o VCM 4.84/28.44/7.28 0.15/0.77/0.80
w/o GCSM 4.74/27.85/7.21 0.14/0.81/0/84
DGCPath 4.66/27.49/7.06 0.11/0.82/0.86

Methods
Harbin

Travel Time Estimation Path Ranking
MAE/MAPE/RMSE MAE/τ /ρ

w/o DVG 4.12/14.36/5.14 0.12/0.89/0.91
w/o VCM 4.43/15.92/5.52 0.13/0.86/0.89
w/o GCSM 4.24/14.94/5.29 0.13/0.88/0.90
DGCPATH 4.02/13.91/5.04 0.11/0.90/0.93

Table 3: Effects of DVG, VCM Loss, and GCSM Loss

5.3 Effects of Pre-training
To further assess the benefits of the proposed method, we use
DGCPATH to pre-train the Transformer-based path encoder
for the supervised model PATHRANK. Specifically, DGC-
PATH is first trained in an unsupervised manner, after which
the learned parameters are transferred to initialize the Trans-
former encoder in PATHRANK. Figure 3 presents the perfor-
mance of PATHRANK with and without pre-training at travel
time estimation and path ranking, under varying labeled data
sizes: 2K, 4K, 6K, 8K, 10K, and 12K. We observe that with
pre-training, PATHRANK achieves comparable performance
to its non-pretrained counterpart using significantly fewer la-
beled training samples. For instance, at the travel time estima-
tion task, PATHRANK with pre-training requires only 8K and
9K labeled samples on Aalborg and Chengdu, respectively,
to match the performance of PATHRANK trained from scratch
with 12K labeled samples. When PATHRANK is trained using
the full 12K labeled samples with pre-training, it outperforms
the non-pretrained counterpart.

6 Conclusion
We propose DGCPATH, a distribution-aware generative con-
trastive framework for path representation learning. Rather
than relying on hand-crafted augmentations, DGCPATH em-
ploys a learnable diffusion-based generator to produce two
path views. It then uses a distribution-aware contrastive ob-
jective to align positive-pair distributions while separating
positive and negative pairs. A generative cross-supervision
module further enhances encoder training, yielding more gen-
eralizable path representations and improved performance
across downstream tasks.
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