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Abstract—In the real world, trajectory data is often sparse and
incomplete due to low collection frequencies or limited device
coverage. Trajectory recovery aims to recover these missing
trajectory points, making the trajectories denser and more
complete. However, this task faces two key challenges: 1) The
excessive sparsity of individual trajectories makes it difficult
to effectively leverage historical information for recovery; 2)
Sparse trajectories make it harder to capture complex individual
mobility preferences. To address these challenges, we propose
a novel method called DiffMove. Firstly, we harness crowd
wisdom for trajectory recovery. Specifically, we construct a group
tendency graph using the collective trajectories of all users
and then integrate the group mobility trends into the location
representations via graph embedding. This solves the challenge
of sparse trajectories being unable to rely on individual historical
trajectories for recovery. Secondly, we capture individual mobility
preferences from both historical and current perspectives. Finally,
we integrate group mobility tendencies and individual preferences
into the spatiotemporal distribution of the trajectory to recover
high-quality trajectories. Extensive experiments on three real-
world datasets demonstrate that DiffMove outperforms existing
state-of-the-art methods. Further analysis validates the robustness
of our method.

Index Terms—Trajectory recovery, generative models, diffusion
models.

1. INTRODUCTION

Human mobility data reveals people’s activity patterns and
mobility intentions, making it of significant value in various
fields such as epidemic control [1], [2], [3], urban planning [4],
[5], [6], [7], and transportation engineering [8], [9]. However,
the sparsity of real-life trajectory data, whether due to low
sampling rates of mobile data devices or privacy constraints
imposed by users, presents significant challenges and negatively
impacts the performance of downstream applications. This
limitation has a significant impact in fields such as urban
planning and traffic management, as accurate estimates of
hourly crowd flows are crucial for effective scheduling and
responsive urban management [10]. As a result, trajectory
recovery is essential for improving the accuracy and utility of
applications in these domains.

Manuscript received 21 March 2025; revised 12 December 2025; accepted
21 May 2026. (Corresponding authors: Huandong Wang; Yong Li.)

Qingyue Long, Can Rong, Huandong Wang, and Yong Li are with the Depart-
ment of Electronic Engineering, Beijing National Research Center for Informa-
tion Science and Technology (BNRist), Tsinghua University, Beijing 100084,
China (e-mail: longqy21@mails.tsinghua.edu.cn; rc20@mails.tsinghua.edu.cn;
wanghuandong @tsinghua.edu.cn; liyong07 @tsinghua.edu.cn)

Rajib Shaw is with the Graduate School of Media and Governance, Keio
University, Kanagawa 252-0882, Japan (e-mail: shaw @sfc.keio.ac.jp)

Formally, the task of trajectory recovery involves restoring
missing trajectory records based on existing partial trajectory
data. Throughout the evolution of the technology, traditional
methods have primarily relied on rule-based frameworks [11],
[12], [13], [14], [15], with the fundamental assumption that hu-
man mobility patterns can be described by physical rules (such
as movement speed constraints or geographically reachable
areas). These methods focus on modeling basic features, such
as analyzing the correlation between neighboring trajectory
points using the principle of spatial continuity [16], [17],
or predicting recurring trajectory patterns based on time
periodicity assumptions [18]. While these approaches may
be feasible in simple scenarios, their simplified modeling often
fails to fully capture the diversity and complexity of real-
world human mobility, particularly when capturing person-
alized behaviors, which can result in significant bias. With
technological advances, data-driven methods have gradually
become mainstream in research. These methods break free
from the limitations of traditional rules and use tools such
as deep learning models [19], attention mechanisms [20],
and variational autoencoders [19] to automatically extract
multidimensional features from vast amounts of movement
data, including implicit spatiotemporal correlations, behavioral
habits, and higher-order semantic patterns. This end-to-end
learning paradigm significantly enhances the model’s ability
to adapt to complex scenarios, thereby improving the accuracy
and robustness of trajectory recovery. Nevertheless, these data-
driven methods focus on regular mobility patterns and often
neglect the specific mobility preferences embedded in trajectory
data, which can significantly affect the quality of trajectory
recovery.

Therefore, developing a trajectory recovery method that
simultaneously integrates both group commonalities and indi-
vidual characteristics has become a key solution to enhance the
practical value of trajectory recovery. However, constructing
such a method faces the following critical challenges:

« Excessive sparsity in individual trajectories severely
limits the effective use of historical information for
recovery. When trajectories are overly sparse, spatiotemporal
dependencies can only be inferred from a limited number of
data points, which impedes the accurate identification of past
mobility patterns. As a result, this limitation significantly
complicates the precise recovery of trajectories.

« Sparse trajectories make it harder to capture the dynamic
and varied mobility preferences of individuals. People’s
preferences for different locations can differ greatly, often
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reflecting their attachment to specific places. However,
individuals typically weigh multiple factors when choosing
travel destinations. For example, a person planning to shop
may prioritize malls and compare their preferences among
them. This interplay of preferences and behaviors poses a
significant challenge for accurate trajectory modeling.

To address the above challenges, we propose a method named
DiffMove. We build our framework based on diffusion models
because trajectory recovery is inherently not a deterministic
point prediction task, but a problem of modeling the conditional
distribution of user mobility behaviors. In real-world scenarios,
mobility exhibits high uncertainty, while traditional methods
(e.g., AttnMove) typically output a single estimated point.
In contrast, generative models can learn the full distribution
and better preserve the uncertainty and diversity of mobility
behaviors. Second, among generative modeling approaches, we
choose diffusion models rather than GANs or VAEs mainly
due to considerations of stability and generation quality. GANs
are prone to mode collapse when handling high-dimensional
spatiotemporal sequences, and VAEs often produce overly
smooth and blurry outputs. Diffusion models, through noise
injection and step-by-step denoising, provide a more stable
training pathway and are better suited for high-dimensional
data. DiffMove consists of three critical modules, i.e., 1)
group tendency extraction module, 2) individual preference
extraction module, and 3) mobility behavior diffusion module.
In the group tendency extraction module, we construct a group
tendency graph using all trajectories. This graph uses the
transition frequency between locations as the edge weight,
representing the degree of group tendency towards each location.
Then, we integrate this group tendency information into the
location embeddings through graph embedding techniques,
considering both first-order and second-order proximities. This
approach effectively addresses the first challenge. Given the
potential noise and sparsity in trajectories, the individual
preference extraction module improves accuracy by incorpo-
rating historical trajectories related to the current trajectory
to capture individual mobility preferences better. We first
extract historical preferences from past trajectories using
a history processor and current preferences from current
trajectories with a current processor. These preferences are
then combined using the proposed inter-trajectory attention
mechanism. In the mobility behavior diffusion module, we
use a carefully designed diffusion model to integrate indi-
vidual mobility preferences into the distribution modeling of
mobility behaviors. This step ensures the precise capture of
individual mobility preferences, thus addressing the second
challenge. Given that group mobility tendency and individual
mobility preferences influence mobility behavior, we aim to
recover high-quality trajectories by integrating both factors.
Unlike prior mobility modeling frameworks such as graph-
enhanced predictors (e.g., PeriodicMove [21]), user behavior
recovery models, and diffusion-based trajectory generators
(e.g., TrajGDM [22]), DiffMove is explicitly designed for
trajectory recovery and formulates the task as conditional
inference rather than deterministic prediction or unconditional
generation. DiffMove integrates both group mobility priors

and individual preference representations into the diffusion
process, enabling behavior-consistent reconstruction of missing
trajectory segments.

Overall, our contributions can be summarized as follows:

« We propose a group mobility tendency enhanced trajectory
recovery method named DiffMove, which leverages a diffu-
sion model to simultaneously capture group tendencies and
individual preferences.

o To capture group mobility tendencies, we construct a
group tendency graph and integrate this information into
location representations using graph embedding techniques.
For modeling individual mobility preferences, we extract
preferences from both historical and current trajectories.
Finally, leveraging a carefully designed diffusion model,
we effectively integrate group tendencies and individual
preferences, thereby modeling the distribution of mobility
behavior.

« Extensive experiments on three real-world datasets demon-
strate the effectiveness of our DiffMove model. Further
analysis confirms the robustness of our approach.

II. RELATED WORK

A. Trajectory Recovery

Trajectory recovery has been studied from two main method-
ological directions. Rule-based approaches design physical or
heuristic constraints, such as map-matching under road network
topology or interpolation based on spatiotemporal continuity,
and recover missing points accordingly. For instance, Xiao
et al. developed a conditional random field framework that
incorporates contextual relationships among cellular signaling
records (CDRs) to reconstruct urban mobility paths [16].
Complementary strategies employ interpolation mechanisms,
in which missing trajectory points are estimated via linear or
Gaussian process regression, leveraging spatiotemporal correla-
tions in mobility data [12] [18]. Data-driven approaches instead
learn complex mobility patterns directly from data, using deep
sequential models to capture nonlinear temporal dependencies
and high-order behavioral correlations. For instance, Feng et
al. developed a hybrid architecture integrating long short-term
memory (LSTM) modules with periodic pattern recognition
to reconcile historical trajectory regularities with real-time
movement predictions [23]. The recently proposed Bi-STDDP
model advances this paradigm by establishing bidirectional
spatiotemporal attention mechanisms that jointly optimize
user-specific behavioral vectors and geographic contextual
features [24]. In addition to general human trajectory recovery
methods, several recent studies focus on map-constrained
trajectory reconstruction, primarily targeting vehicle mobility
rather than human movement. MTrajRec introduces a seq2seq
multi-task framework that jointly models road-segment se-
quences and travel distances, explicitly requiring a detailed
road network as input [25]. Similarly, RNTrajRec leverages a
spatial-temporal transformer augmented with road topology,
utilizing constraints from road connectivity to reduce the search
space of feasible paths [26]. More recently, MM-STGED
employs a hierarchical micro-macro graph encoder—decoder
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to refine map-constrained trajectory reconstruction under strict
road-network constraints [27].

In summary, existing trajectory prediction and recovery
methods that incorporate graph structures or user behaviors have
made substantial progress. However, most of them still produce
deterministic point estimates and do not explicitly address
missing-data inference under behavioral priors. Diffusion-based
trajectory models such as TrajGDM [22] learn unconditional
trajectory distributions but do not focus on the recovery of
missing segments. This work follows a data-driven approach
and targets trajectory recovery by learning a conditional
diffusion model tailored to this task.

B. Diffusion Models

Most studies on diffusion models build upon Denoising Diffu-
sion Probabilistic Models (DDPM), which employ variational
inference. The fundamental idea of DDPM is to gradually
modify the data distribution through a stepwise diffusion
mechanism and subsequently reconstruct it by learning an
inverse transformation. This method enables the develop-
ment of a versatile and computationally efficient generative
framework [28]. The diffusion model has shown impressive
performance in image synthesis tasks [29], [30], [31], [32],
[33], [34].

Due to its strong generative abilities, the diffusion model
has expanded beyond image synthesis to audio synthesis.
The DiffWave model is an efficient vocoder that delivers
high-quality speech with a small footprint and is faster than
real-time generation. It has also led to significant advance-
ments in category-based labeling and unconditional audio
generation [35]. The diffusion model has also found appli-
cations in time series modeling. For time series imputation,
CSDI [36] introduced a novel interpolation method based
on a fraction-based diffusion model. This approach leverages
self-supervised training to optimize the model, allowing it to
capture temporal correlations effectively. Similarly, SSSD [37]
employs a conditional diffusion model in conjunction with a
structured state space framework to address extended temporal
dependencies in time series, demonstrating strong capabilities
in both interpolation and prediction. In the context of time
series forecasting, TimeGrad [38] proposes an autoregressive
approach for generating multivariate probabilistic time series
by sequential sampling from the underlying data distribution.
This approach leverages a diffusion-based probabilistic model,
drawing upon principles related to energy-based methods.

Recently, diffusion models have also been applied to human
mobility modeling. ControlTraj [39] introduces topology-
constrained diffusion for controllable trajectory generation,
incorporating road network structure as guidance to produce
realistic and map-consistent synthetic trajectories. CoDiff-
Mob [40] proposes collaborative noise priors for urban mobility
generation, leveraging shared spatial patterns among users to
improve the quality of generated trajectories. While these works
demonstrate the strong potential of diffusion models in mobility-
related tasks, they primarily focus on unconditional trajectory
generation rather than the recovery of missing segments from
partial observations, which is the target of this work.

TABLE I
SUMMARY OF NOTATIONS.

Notation | Description
u A user.
in The location of user w within a specified time period
b on the n-th time slot of the i-th day.
Ti I The histori'cal trajectory of user w on day ¢ and the
ur current trajectory of user w.
G A group preference graph.
e The embedding of location [.
et The temporal representation of the n-th time interval.
_in The temporal-aware representation corresponding to
Cu the n-th time interval within the % trajectory of user
U.
The degree of similarity computed by the h-th head
aEth)ﬂ between time interval n in the current trajectory and
’ time interval k in the historical trajectory.
spon The historical shift-aware representation of the n-th
“ time interval in the p-th trajectory of user w.
i,n The current shift-aware representation of the n-th
Cu time interval in the i-th trajectory of user wu.
on The final trajectory representation of the n-th time
u interval.
on The clean final trajectory representation of the n-th
u0 time interval.
Cut The representation in a noising step ¢.
€no The clean sample.
Fol-) The denoising network.
Lsimple> £4 | The simplified loss and distance-aware loss.
Ad The weight of distance loss.

Overall, diffusion models have generally performed well in
time series modeling, audio synthesis, and picture synthesis.
However, limited research explores the application of diffusion
models to trajectory recovery. This task differs from general
time series modeling as it requires the consideration of mobility-
specific features inherent to trajectories.

III. PRELIMINARIES

This section presents the concept and process of the
denoising diffusion probabilistic model after introducing the
concepts and notations used in this work.

A. Problem definition

Definition 1 (Time Interval). Raw mobility trajectories in all
three datasets are highly sparse due to their collection mecha-
nisms: GeoLife relies on irregular GPS reporting triggered by
device usage, the Tencent dataset is based on event-triggered
cellular signaling logs, and Foursquare consists of user-initiated
check-ins at points of interest. These heterogeneous collection
mechanisms result in uncontrolled and uneven sampling
intervals. Therefore, following common practice in sparse
trajectory modeling (e.g., DeepMove [23], PeriodicMove [21],
AttnMove [20]), we discretize the trajectories into a fixed 30-
minute interval to ensure consistent temporal granularity across
users and different days.

Definition 2 (Trajectory). A trajectory represents the se-
quence of locations visited by a user over time. The trajectory
of user u on day ¢ can be expressed as a sequence of spatiotem-
poral coordinates, denoted by T} = (I51, ... 1Lbn . LN,
where /%™ indicates the user’s location at the n-th time slot
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within a specified interval (e.g., every 30 minutes), and NV is
the total number of time slots. It is important to note that if
the location for a particular time slot n is not observed, the
value %™ is marked as null, signifying a missing location.

Definition 3 (Current and Historical Trajectory). Let I
represent a target day, and 7, denote the trajectory of user
u on that day. This trajectory 7./, corresponds to the user’s
current path, while the historical trajectories are denoted as
{TY,T2,..., TI~1}, representing the user’s movement on the
days before day I.

Problem Statement (Trajectory Recovery). The goal is to
reconstruct the full trajectory for the current day by filling
in the missing locations or null values in 7./, leveraging the
historical trajectories {7., 7.2, ..., T,/~1} associated with user
U.

B. Denoising Diffusion Probabilistic Model

Unlike deterministic prediction tasks, trajectory recovery
aims to model the conditional distribution of missing trajectory
points. Human mobility is inherently uncertain, making single-
point estimators insufficient. Intuitively, diffusion models
address this by gradually corrupting data with Gaussian noise in
a forward process and then learning to invert the corruption step
by step, which provides a stable mechanism for approximating
complex distributions and outperforms GANs (mode collapse)
and VAEs (over-smoothing) when modeling high-dimensional
spatiotemporal data.

Formally, a DDPM consists of two Markov processes. The
forward process progressively injects Gaussian noise into the
original sample and is defined as

T
q(xv.T | X0) := HN(Xt; V31— Bixi-1, 5t1> , (D
=1

where (; is a small positive constant controlling the noise
intensity, so that xp becomes nearly pure noise. By reparam-
eterization, the sample at any step ¢ admits the closed form
Ty = xo++1—age, with ag =1 — 84, ap = szl o,
and e ~ N (0, I).

The reverse process starts from x7 ~ N(0,I) and gradually
removes noise to recover a clean sample x. Each transition
is modeled as a Gaussian with learnable parameters:

@

Following Ho et al. [28], py and oy are reparameterized so
that a trainable denoising network €y directly predicts the noise
vector injected during the forward process. Training therefore
reduces to a simple noise-prediction objective:

le — €9 (x4, 1) |3, (3)

po(xe—1 | x¢) 1= N(x¢—1; po(x¢,t), og(x,1)I).

mein L(0) := meinExomq(xo),eN./\/'(O,I),t

which can be interpreted as a weighted variational bound on
the negative log-likelihood of the data.

IV. METHOD

The framework illustrated in Figure 1 depicts our proposed
DiffMove model, which consists of three main components: 1)
a group tendency extraction module, 2) an individual preference

extraction module, and 3) a mobility behavior diffusion module.
We provide detailed descriptions of these components in this
section. Unlike prior diffusion-based trajectory models such
as TrajGDM [22], our framework introduces domain-specific
adaptations tailored for trajectory recovery. Missing trajectories
can be inferred from both group movement tendencies and
individual preferences. The group tendency extraction module
captures macroscopic mobility priors through graph-based
learning, while the individual preference extraction module
models both historical periodic preferences and current mobility
intentions. These components jointly provide meaningful
conditioning signals to guide the diffusion process.

A. Group Tendency Extraction Module

To address challenge 1, we propose to construct a group
tendency graph and employ appropriate graph embedding
techniques to accurately capture the collective tendencies of
the population regarding location transitions (i.e., travel origins
and destinations).

1) Graph Construction: The frequency of travel to a specific
location reflects the group’s tendency to visit that destination.
For example, when a location appears frequently across multiple
trajectories, it indicates a shared preference for that destination.
To effectively model this collective behavior, we propose the
construction of a group tendency graph, denoted as G, using
all available trajectory data. Formally, G is defined as G =
(V, E), where V represents the set of nodes corresponding to
all locations visited by the group, and E denotes the set of
edges that represent the relationships between pairs of locations.
Each edge e € F is an unordered pair e = (a,b) with an
associated weight wg, > 0, where w,;, captures the frequency
of transitions between locations a and b. This weight reflects
the group’s stronger inclination to travel between a and b.
Through this approach, the group tendency graph G accurately
represents the mobility preferences of the population across
various locations.

2) Group Tendency Extraction with Graph Embedding:
Since the edge weight w,, in the group tendency graph
reflects the number of transitions between locations a and
b, which represents the population’s inclination towards these
destinations, we aim to incorporate this group tendency data
into the location embeddings through a graph embedding
module. However, the edges representing group tendencies may
be sparse in the constructed graph. This sparsity arises from
the common herd effect, in which large crowds primarily move
within a few popular areas. As a result, transition frequencies
between popular locations are generally higher, inflating the
corresponding edge weights and posing challenges for graph
learning. To mitigate this herd effect and better account for less
frequented locations, we propose incorporating group tendency
information from two perspectives: first-order proximity and
second-order proximity.

To effectively perform embedding, it is essential to preserve
the structure of the graph network. First, maintaining the local
network structure, specifically the pairwise proximity between
nodes, is critical. The first-order proximity between nodes can
define the local graph structure:
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Fig. 1. The framework of DiffMove.

1) First-order Proximity. In the group tendency graph
G, for every edge (a,b) between two nodes, the associated
weight w,;, represents the first-order proximity between a and
b. This weight quantifies the strength of the group’s tendency
to travel between these two locations, effectively capturing
local relationships. However, due to the herd effect in group
tendency modeling, where popular locations dominate, the
graph suffers from sparsity. As a result, relying only on first-
order proximity does not fully preserve the graph’s structure. A
natural extension is to consider nodes with common neighbors,
as these nodes are likely to exhibit similar characteristics.
To address the sparsity problem, we introduce second-order
proximity.

2) Second-order Proximity. Second-order proximity be-
tween nodes (a,b) captures how closely their neighboring
structures resemble each other. Formally, for a node a, we
define its first-order relationships with all nodes as a vector
Pa = (Wa,1,-..,Wqv|). Then, the second-order proximity
between nodes a and b is quantified by assessing the similarity
of their respective vectors p, and p,. Incorporating second-
order proximity highlights less frequently visited locations
(nodes with lower edge weights) and addresses the sparsity
challenge by modeling indirect neighborhood information.

3) Group Tendency Extraction. Next, we aim to integrate
group tendency information into location embeddings using
graph embedding techniques. Given the constructed group
tendency graph G = (V, E), the goal of graph embedding
is to represent each vertex v € V as a vector in a lower-
dimensional space RY, where d < |V|. Specifically, we
adopt the LINE (Large-scale Information Network Embedding)
method [41], a widely used approach for graph embedding
in large-scale information networks, to incorporate group
tendency information from both first-order and second-order
proximity perspectives. For first-order proximity, we minimize

Recovery Trajectory

the discrepancy between the predicted and actual edge weights
to capture the group tendency information. To address second-
order proximity, we perform random walks and negative
sampling within the second-order proximity neighborhoods,
helping to mitigate issues of sparsity and the herd effect in
trajectory data. We separately optimize these two objectives,
representing first-order and second-order proximity, using the
LINE method. Finally, we combine the embeddings derived
from both perspectives to obtain a consolidated embedding for
each location. Using the group tendency graph G, the graph
embedding process with LINE can be expressed as follows:

€ = LINE@ (G), (4)

For each location | € L, we assign a representation vector
e; € R?. These embeddings collectively form the embedding
matrix E; € RIEH1xd,

In conclusion, we build a group tendency graph based on the
available trajectory data. We then utilize the LINE method for
graph embedding, incorporating group tendency information
into location embeddings by considering both first-order and
second-order proximity relationships.

B. Individual Preference Extraction Module

To address challenge 2, we propose trajectory processor and
inter-trajectory attention to accurately capture individuals’
preferences for visiting locations or mobility patterns.

1) Trajectory Processor: The trajectory processor consists of
two main parts: the history processor and the current processor.
The history processor analyzes multiple past trajectories to
derive periodic mobility preferences for each individual. On
the other hand, the current processor focuses on identifying
the individual’s present preferences for location selection,
emphasizing the types of places they tend to visit most
frequently.
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Fig. 2. The architecture of denoising network Fy.

History Processor. The mobility patterns of each user are
complex and variable, making it vital to capture their individual
preferences accurately from their trajectories. However, a single
trajectory is typically too sparse to reveal sufficient details about
a user’s favored destinations and mobility behaviors. As a result,
we use the history processor to effectively model individual
mobility preferences by leveraging comprehensive, long-term
historical trajectory data.

To capture spatio-temporal dependencies, we jointly embed
time and location into a dense representation as input. Specifi-
cally, for each location [ € L, we define an embedding vector
e; € R?, obtained by constructing a group tendency graph
and applying graph embedding through the group tendency
extraction module in Section IV-A. Temporal information also
plays a key role in mobility modeling. Following [42], we
generate an embedding for each time slot ¢ as follows:

{ e(2i) = sin (¢/10000%/4) ,

e4(2i + 1) = cos (¢/10000%/4) , )

where the index ¢ indicates the specific dimension, the embed-
ding vectors representing time have the same dimensionality d
as those representing locations.

We then obtain a temporal-aware embedding for the n-th
time interval of u’s i-th trajectory, €™ € RY, by element-wise
addition of the time and location vectors:

L _

€. e; + €4,

(6)

which encodes both where and when the user is located in a
compact d-dimensional space.

Since a single historical trajectory is too sparse to reveal
periodicity, we design a history aggregator that compresses
multiple sparse days into a single prototype trajectory by
retaining, at each time interval, the most frequently visited
location:

TP = 7;1 o 7;2 .

o7, @)

where & denotes most-frequent-location extraction. The aggre-
gated 7P is then embedded as é&" following Eq. (6).

If certain users have no recorded data for a given time
slot, aggregation alone cannot fill in the missing locations. We
therefore apply a standard multi-head self-attention mechanism
over time slots to infer missing entries from other observations.
Under head h, the attention weight and the aggregated output
at time n are

allt) = softmae ((Wenm, etk )) s
N

g =3 al wyent, ©)
k=1

where Wé(h), Wi, Wé(h) € RY %4 are learnable projections.
The shift-aware embedding is then obtained by concatenating
the H heads and adding a residual connection:

e = ReLU ([0 | oo | @] 4 wiet) - (10)

where W' e R¥H*d and | denotes concatenation. This
design allows each time interval to attend to its neighbors
and capture long-range periodic dependencies in the user’s
historical trajectories.

By leveraging the complete history processor, we obtain the
vector é>™, which encapsulates the mobility characteristics of
each individual historical trajectory.

Current Processor. Users move between various locations
throughout the day, with visit frequency and duration reflecting
different preference levels. For example, long stays at home or
work versus brief visits to shopping or entertainment venues.
The current processor models these preferences from the current
trajectory T.°.

We first embed 7.° into &/, using the same mobility embed-
ding, and then apply the attention mechanism in Egs. (8)—(9)
with the historical input €? replaced by &, and with separate
projection matrices Wé, W2, W2, W2, yielding the refined
current representation €;;".

2) Inter-trajectory Attention: After comprehensively cap-
turing an individual’s past and present preferences, the inter-
trajectory attention mechanism evaluates the degree to which
the reconstructed trajectory depends on interpolating the
observed location versus integrating candidate values derived
from historical movements.

The similarity between the current and historical trajectories,
denoted as «, is defined based on the correlation between
their enhanced representations at corresponding time slots,
specifically é-™ and éPF for all n,k = 1,2,...,N. The
historical candidates are then aggregated according to «,
with a residual connection incorporated to retain the original
interpolation results. The network structure remains consistent
with Egs. (8)—(9), employing the projection matrices W3, W3,
W3, and W3, Ultimately, the refined representation for the
n-th time slot, denoted as e, is obtained by integrating &£-*
and &4

C. Mobility Behavior Diffusion Module

Due to the variability and dynamic nature of users’ mobility
patterns, their immediate preferences often exhibit uncertainty.
Thus, representing current mobility behavior as a distribution
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provides a more effective modeling approach. The diffusion-
based method systematically refines this distribution in an
iterative manner, enabling a precise characterization of users’

mobility behaviors.

Our objective is to capture the distribution of mobility behav-
ior, which is learned through a diffusion model. Specifically, for
each time slot’s final representation e];, the diffusion process

can be expressed using a Markov chain, denoted as (e’

u0> €
n
ey Cyps -

diffusion follows the probabilistic framework given by:
q (ezt ) : N (ezt; V 1- 515624‘_1357&[) )
where oy = 1 — f8; and & = Hle 0.

Rather than directly reconstructing the point e},

n
Ut—1

e =

€y, back to ey . The complete reverse denoising procedure is
expressed as follows:

T
)i=plei,) [Tro (et let). a2
t=1

We use a denoising network structure Fg(-) similar to
DiffWave [35] and CSDI [36] to generate éﬁo (Figure 2).
At the final stage of the reverse process, an additional

transformation is applied to map the continuous embedding
€y, back to the discrete location ID ;.

n
uo:T

po (e

D. Training and Sampling

1) Training: Following the approach proposed in [28], we
adopt an alternative formulation for signal prediction instead
of directly using €;, as outlined in [43]: &} = Fy(éy,,t) with
the simple objective [28] as follows,

Esimple = Een ~q(en ),t~[1,T] ” 630 - ‘Fe(én

w3 (a3)

Human mobility exhibits inherent regularities, such as spatial
continuity. To enforce this property, we introduce a distance-
aware loss function, £;, which constrains the displacement
between consecutive mobility steps. Specifically, it measures
the Euclidean distances between adjacent points in a trajectory

and promotes spatial continuity by minimizing their cumulative
sum, as formulated below:

1 N-1
R <
d N—1 nz::l || U u HZ

Overall, our training loss is

(14)

L= Esimple + )\dﬁd; (]5)

where \; is the weighting factor of distance-aware loss of L.

Overall, Egs. (11)—(15) describe how we apply the diffusion
model to the trajectory representations. The forward process
in Eq. (11) gradually injects Gaussian noise into the mobility
representation of each time slot. In contrast, the reverse Markov
chain in Eq. (12) learns to denoise these noisy representations
back to clean ones. The network Fjy predicts the clean signal at

n

ul»
.., eyp), with T' indicating the total diffusion steps.
The process involves progressively introducing Gaussian noise
into the spatial and temporal components from e}, to e,

eventually transforming them into pure Gaussian noise. The

Y

we formulate
its recovery as a reverse denoising process, iteratively refining

T
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Fig. 3. The sampling process of DiffMove.

TABLE II
BASIC STATISTICS OF MOBILITY DATASETS.
Dataset City Duration #Users #Loc #Traj
Geolife Beijing 5 years 40 3439 896
Tencent Beijing 1 month 4246 8998 39422
Foursquare ~ New York 10 months 315 2435 2146

each step, and the simple loss in Eq. (13) encourages accurate
reconstruction of the underlying mobility pattern. The distance-
aware term in Eq. (14) further enforces spatial continuity by
penalizing unrealistically large jumps between consecutive
locations, and the combined objective in Eq. (15) balances
distribution learning with trajectory smoothness.

2) Sampling: As described in [28], the generation of p(e}} )
follows an iterative process. At each timestep ¢, the model
predicts a clean estimate, é;,, = Fy(é,,,t), which is then
perturbed to obtain ey, ;. This procedure is repeated from
t =T down to t = 0, progressively refining the representation
until ef, is reconstructed, as illustrated in Figure 3.

V. EXPERIMENTS
A. Dataset

We conducted extensive experiments on three real-world
datasets: Geolife, Tencent, and Foursquare.

o Geolife [44]: This dataset is compiled by Microsoft Research
Asia, which captures the mobility patterns of 182 users from
April 2007 to August 2012. Each trajectory represents a
sequence of time-stamped GPS points, encompassing latitude,
longitude, and altitude data.

« Tencent: The dataset is collected from Tencent, a prominent
social network and location service provider in Beijing,
China, during the period from June 1 to June 30, 2018.
The trajectory data is derived from GPS locations that are
recorded whenever users access location services through
the application.

« Foursquare [45]: This dataset contains location-based check-
in records collected from Foursquare users in New York City.
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TABLE III
PERFORMANCE COMPARISON ON THE GEOLIFE DATASET. THE BEST RESULT IN EACH COLUMN IS IN BOLD, WHILE THE SECOND IS UNDERLINED.

Recall@1 Recall@5 Recall@10 MAP Distance(m) Grid Accuracy CRPS
Linear 0.3624 0.5682 0.6521 0.3843 2345 0.1284
History 0.2518 0.5012 0.5786  0.2701 5107 0.1159 -
Top 0.2732 0.5188 0.5965 0.2798 5315 0.1174 -
RF 0.2589 0.5123 0.5904  0.2554 6107 0.1197 -
LSTM 0.2808 0.5462 0.6248  0.3472 5746 0.1438 -
DeepMove 0.3403 0.5572 0.6354  0.4123 4858 0.1527 -
BiLSTM 0.3528 0.5639 0.6411 0.4195 5021 0.1584 -
Bi-STDDP 0.3765 0.5871 0.6718  0.4514 4032 0.1694 -
AttnMove 0.3982 0.6417 0.7105 0.4691 3886 0.1756 -
PeriodicMove | 0.4074 0.6613 0.7542  0.4805 3527 0.1983 -
BeTR 0.3776 0.6534 0.7282  0.4365 4078 0.1821 -
TrajMoE 0.3852 0.6619 0.7398  0.4443 3945 0.2145 -
TERI 0.3918 0.6724 0.7481 0.4521 3820 0.1887 -
STR 0.4021 0.6894 0.7649  0.4683 3570 0.2296 -
TrajBERT 0.4069 0.6987 0.7725 0.4752 3457 0.2641 -
ARMove 0.4124 0.7065 0.7804  0.4829 3320 0.2563 -
CLMove 0.4180 0.7138 0.7826  0.4905 3201 0.2484 -
TrajGDM 0.4016 0.6845 0.7612  0.4742 3705 0.2052 0.2417
GenMove 0.3975 0.6812 0.7563 0.4608 3692 0.2018 0.2143
UniMob 0.3931 0.6740 0.7509  0.4718 3548 0.2235 0.2274
BCDiff 0.3891 0.6707 0.7437  0.4626 3619 0.2163 0.2304
DiffMove 0.4272 0.7243 0.7921  0.5017 3126 0.2785 0.2014
Improvement 2.2% 1.5% 1.2% 2.3% - 5.5% 6.0%

Each trajectory consists of time-stamped check-ins associ-
ated with specific POIs, including latitude and longitude
coordinates.

Pre-processing: To effectively represent spatial information,
the city area is segmented into 8998 blocks using Beijing’s road
infrastructure, with each block representing a unique location
averaging approximately 0.265 km?. For the Foursquare
dataset, we follow common practice in POI-based trajectory
modeling and treat each unique POI as a discrete location
identifier, resulting in 2,435 distinct locations within the New
York City area. Fixed time intervals have been widely applied in
trajectory modeling (e.g., AttnMove [20], PeriodicMove [21])
by identifying stay points to specify a representative location
within each time interval. This approach is extensively used
in trajectory data preprocessing and aligns with the stay-
move movement pattern demonstrated in prior human mobility
studies [13], [46], [47]. Consistent with previous research [48],
[23], the temporal resolution adopted is 30 minutes. To maintain
dataset reliability, the Tencent dataset excludes trajectories
containing less than 34 intervals (around 70% coverage of
a single day). It removes users who lack trajectory records
spanning at least five days. For the Geolife dataset, trajectories
with fewer than 12 intervals and users who do not have a
minimum of five days of mobility data are similarly discarded.
Table II summarizes the processed mobility datasets.

B. Baselines

We evaluate some baselines on three mobility datasets,
encompassing both rule-based and data-driven approaches.
Linear, History, Top, and RF are rule-based algorithms designed
for trajectory recovery, leveraging insights into human mobility
patterns.

o Linear [12]: This approach assumes that missing trajectory
points can be estimated using a linear function. As a rule-
based method, it relies on a strong underlying assumption
about mobility patterns.

o History [49]: This approach straightforwardly leverages
historical trajectories by assigning the most frequently visited
location at each time slot as the recovered position.

« Top [50]: This approach determines the recovery location for
each user by selecting the most frequently visited location
across the entire training set, making it a frequency-based
method.

e RF [49]: The random forest method leverages various
trajectory features for recovery. A random forest classifier
is trained using attributes such as trajectory entropy, radius,
missing time gaps, and the spatial locations before and after
these gaps.

The remaining baselines are data-driven approaches that
leverage machine learning models to capture more complex
mobility features:

o LSTM [50]: This approach employs mobility prediction for
trajectory recovery by leveraging LSTM networks to model
sequential transitions, enabling the inference of the next
trajectory point.

o BiLSTM [51]: This approach enhances the standard LSTM
network by incorporating a bidirectional structure, allowing
it to utilize historical and future observations. Leveraging all
available locations as spatiotemporal constraints improves
trajectory point recovery beyond the limitations of unidirec-
tional modeling.

« DeepMove [23]: This trajectory recovery method is based
on mobility prediction, utilizing a multimodal embedding
recurrent neural network. By jointly embedding multiple
factors influencing human movement, it effectively captures
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TABLE IV
PERFORMANCE COMPARISON ON THE TENCENT DATASET. THE BEST RESULT IN EACH COLUMN IS IN BOLD, WHILE THE SECOND IS UNDERLINED.

Recall@1 Recall@5 Recall@10 MAP Distance(m) Grid Accuracy CRPS
Linear 0.6204 0.7453 0.8106 0.6532 1182 0.1973 -
History 0.4702 0.6027 0.6841 0.4896 1687 0.1834 -
Top 0.5895 0.7219 0.7925 0.6146 2513 0.1925 -
RF 0.4832 0.6184 0.7013 0.4904 8138 0.1881 -
LSTM 0.6178 0.7356 0.8042  0.6875 3586 0.2327 -
DeepMove 0.7302 0.8127 0.8679 0.7904 1289 0.2443 -
BiLSTM 0.7005 0.7984 0.8537 0.7823 1354 0.2574 -
Bi-STDDP 0.7105 0.8049 0.8611 0.7872 1107 0.2685 -
AttnMove 0.7646 0.8423 0.8897 0.8249 934 0.2812 -
PeriodicMove | 0.7893 0.8664 0.9138 0.8501 786 0.3112 -
BeTR 0.7824 0.8581 0.9036 0.8465 792 0.2971 -
TrajMoE 0.7883 0.8647 0.9094  0.8503 774 0.3047 -
TERI 0.7945 0.8719 0.9158 0.8564 763 0.3184 -
STR 0.8034 0.8816 0.9254  0.8658 702 0.3311 -
TrajBERT 0.8091 0.8874 0.9301 0.8726 728 0.3386 -
ARMove 0.8152 0.8936 0.9365 0.8801 713 0.3535 -
CLMove 0.8197 0.8951 0.9402  0.8794 744 0.3547 -
TrajGDM 0.7751 0.8512 0.8972 0.8393 814 0.2894 0.2135
GenMove 0.7992 0.8765 0.9207 0.8612 752 0.3249 0.1914
UniMob 0.8023 0.7895 0.9184  0.8645 783 0.3451 0.2207
BCDiff 0.7862 0.8603 0.9056 0.8481 803 0.3024 0.2261
DiffMove 0.8457 0.9159 0.9548  0.8945 681 0.3694 0.1783
Improvement 3.2% 2.3% 1.6% 1.6% 3.0% 4.1% 6.8%

complex sequential transitions.

o Bi-STDDP [24]: This approach simultaneously models spa-
tiotemporal dependencies and user preferences. By leveraging
the locations visited immediately before and after the target
time period, it effectively reconstructs missing trajectory
points.

o AttnMove [20]: This method incorporates both intra-
trajectory and inter-trajectory attention mechanisms to en-
hance the modeling of user movement patterns. Additionally,
it exploits periodic trends in long-term historical data to
improve trajectory recovery.

o PeriodicMove [21]: This methodology leverages an atten-
tion mechanism integrated with graph neural networks to
effectively model complex location transitions, hierarchical
periodic behaviors, and temporal variations inherent in human
movement patterns.

o TERI [52]: It adopts a multi-task prediction framework to
model temporal dynamics in sparse trajectories, achieving
robust trajectory recovery.

o TrajBERT [53]: It applies a BERT-style masked reconstruc-
tion framework with spatiotemporal attention to capture con-
textual dependencies in implicit sparse trajectories, enabling
high-quality missing-point recovery.

« STR [54]: This work incorporates semantic behavior patterns
into the trajectory recovery process, enabling more accurate
reconstruction of human mobility from sparse observations.

o BeTR [55]: This method models delivery-specific behavioral
cues using multi-scale attention fusion to improve sparse
trajectory recovery in last-mile logistics scenarios.

o TrajMoE [56]: TrajMoE employs a spatially-aware mixture-
of-experts design to capture heterogeneous mobility patterns
and improve trajectory prediction and recovery performance.

« ARMove [57]: This method enhances trajectory recovery by
explicitly modeling fine-grained spatial-temporal dependen-
cies within the recommendation context.

« CLMove [58]: This work leverages contrastive learning to
learn robust trajectory representations, achieving improved
recovery accuracy from sparse mobility data.

« GenMove [59]: This work proposes a unified trajectory
modeling framework using masked conditional diffusion to
handle diverse mobility tasks under one generalizable model.

o TrajGDM [60]: This approach employs a diffusion-based
trajectory modeling framework to learn the underlying
mobility patterns within a trajectory dataset.

« UniMob [61]: This method employs a diffusion model to
jointly model trajectory and flow patterns for unified human
mobility prediction.

« BCDiff [62]: This method leverages two coupled diffusion
models to capture bidirectional temporal dependencies for
trajectory prediction.

C. Experimental Settings

To enhance training and evaluation while accounting for
unknown missing patterns, 20% of the observations in three
datasets are randomly masked as recovery targets. The data is
then partitioned chronologically, with the first 70% used for
training, the next 10% for validation, and the final 20% for
testing.

For evaluation, we employ several key metrics, including
Recall@k, MAP, Grid Accuracy, CRPS, and Distance. Re-
call@k measures the model’s ability to recover the ground-
truth locations within the top-k predictions, reflecting how well
the model ranks candidate locations; higher values indicate
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TABLE V
PERFORMANCE COMPARISON ON THE FOURSQUARE DATASET. THE BEST RESULT IN EACH COLUMN IS IN BOLD, WHILE THE SECOND IS UNDERLINED.

Recall@1 Recall@5 Recall@10 MAP Distance(m) Grid Accuracy CRPS
Linear 0.1105 0.1963 0.2728  0.2124 3085 0.0937
History 0.0507 0.1421 0.2056  0.1013 4239 0.0819 -
Top 0.0803 0.1594 0.2175 0.1316 3628 0.0884 -
RF 0.0652 0.1507 0.2102  0.1159 3905 0.0851 -
LSTM 0.1340 0.2413 0.3276  0.2637 2732 0.1129 -
DeepMove 0.2716 0.4530 0.5483 0.3753 2438 0.1285 -
BiLSTM 0.2301 0.4018 0.4925 0.3264 2582 0.1342 -
Bi-STDDP 0.2807 0.4659 0.5578  0.3625 2307 0.1408 -
AttnMove 0.2914 0.5026 0.5707  0.3961 2225 0.1493 -
PeriodicMove | 0.3102 0.5214 0.6180  0.4371 2019 0.1769 -
BeTR 0.3033 0.5142 0.6056  0.4285 2130 0.1627 -
TrajMoE 0.3074 0.5189 0.6118  0.4328 2095 0.1695 -
TERI 0.3297 0.5406 0.6304  0.4552 2013 0.1842 -
STR 0.3448 0.5562 0.6469  0.4697 1998 0.1996 -
TrajBERT 0.3521 0.5654 0.6557  0.4804 1889 0.2074 -
ARMove 0.3643 0.5620 0.6325 0.4473 1852 0.2148 -
CLMove 0.3781 0.6028 0.6613 0.4786 1984 0.2297 -
TrajGDM 0.2958 0.5079 0.5987  0.4206 2175 0.1554 0.2753
GenMove 0.3375 0.5487 0.6392  0.4628 2007 0.1917 0.3487
UniMob 0.3417 0.5529 0.6430  0.4728 1905 0.2017 0.2840
BCDiff 0.3245 0.5376 0.6281 0.4608 1917 0.2041 0.3018
DiffMove 0.3958 0.6224 0.6894  0.4936 1750 0.2219 0.2521
Improvement 4.7% 3.3% 4.2% 2.7% 5.5% - 8.4%

more effective recovery. MAP evaluates the overall ranking
quality by assessing how accurately the model orders possible
locations, with higher values indicating superior performance.
Grid Accuracy quantifies the proportion of test instances for
which the predicted grid cell exactly matches the ground-
truth grid cell, offering an interpretable measure of discrete
spatial correctness. CRPS quantifies the discrepancy between
the predicted and ground-truth probability distributions; lower
values indicate more calibrated and reliable probabilistic
predictions. Finally, Distance quantifies the spatial deviation
between the predicted location center and the actual location,
with smaller values indicating higher positional accuracy.

D. Experiment Results

1) Overall Performance: To evaluate the reconstructed
mobility trajectories, we utilize seven evaluation metrics and
present the outcomes in Table III, IV and V. Based on these
experimental results, we derive the following insights:

Firstly, rule-based methods consistently underperform across
all three metrics. While they offer high interpretability by
modeling mobility patterns with explicit physical meanings,
they struggle to capture intricate, time-dependent, and higher-
order mobility features that cannot be strictly defined through
predefined rules.

Secondly, data-driven approaches achieve notable improve-
ments by directly learning mobility patterns from real-world
data without relying on rigid assumptions. This enables them
to better model complex mobility behaviors. Methods that
effectively incorporate historical trajectories or utilize attention
mechanisms show particularly strong performance, especially
in cases of sparse trajectory data. Since sequential dependencies
may be weak in such scenarios, all observed locations should

be considered equally. For instance, if a user is recorded at
7:00 AM and 3:00 PM, accurately inferring their 9:00 PM
location may require prioritizing the 7:00 AM observation, as
it is more likely to correspond to a residential location rather
than a commuting destination.

Thirdly, on the Geolife dataset, our method improves
Recall@1 and MAP by 2.2% and 2.3% over the best baseline,
respectively, and improves Grid Accuracy and CRPS by 5.5%
and 6.0%. Although its Distance metric does not surpass the
linear model, this may be due to the dataset’s small size.
However, the improvements in the other metrics confirm its
effectiveness in trajectory recovery. On the Tencent dataset, our
approach surpasses the best baselines in Recall@1, MAP, Grid
Accuracy, and CRPS by 3.2%, 1.6%, 4.1%, and 6.8%, respec-
tively, while also reducing Distance by 3.0%. These consistent
gains across all seven metrics confirm the effectiveness of
jointly modeling group tendencies and individual preferences on
a large-scale urban mobility dataset. On the Foursquare dataset,
our method achieves improvements of 4.7% in Recall@1, 2.7%
in MAP, 5.5% in Distance, and 8.4% in CRPS over the best
baselines. The only metric on which DiffMove does not lead
is Grid Accuracy (0.2219 vs. CLMove’s 0.2297); we attribute
this to CLMove’s contrastive representation learning, which
is particularly well suited to discrete grid-level matching on
POI-based check-in data. Nevertheless, DiffMove maintains
a clear and consistent advantage across the remaining six
metrics, demonstrating its strong overall performance on sparse
check-in trajectories. The lower performance gain on Geolife
compared to Tencent and Foursquare is likely attributed to its
smaller user base, which makes it more challenging to extract
periodic patterns and leverage group-level mobility features
for individual trajectory recovery.

Overall, our method outperforms both rule-based and data-
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Fig. 4. Impact of each component on two datasets.

TABLE VI
PERFORMANCE COMPARISON OF GROUP TENDENCY VARIANTS IN
DIFFMOVE ON THE GEOLIFE DATASET.

Variant Recall@l MAP Distance (m)
No-Group 0.410 0.488 3230
G-FirstOrder 0.413 0.492 3209
G-Node2Vec 0.418 0.495 3181
G-SecondOrder 0.421 0.497 3165
G-GraphCL 0.422 0.498 3132
G-GRACE 0.425 0.500 3139
DiffMove (G-LINE) 0.427 0.502 3126

driven approaches, demonstrating its effectiveness in integrating
individual and group mobility patterns, capturing periodic
behaviors from historical data, and utilizing spatiotemporal
correlations in current trajectories for enhanced recovery. These
advantages highlight its superior performance in trajectory
reconstruction.

2) Ablation Study: To assess the contribution of each
module, we performed ablation experiments by systematically
removing them and analyzing the impact on performance, with
results shown in Figure 4. "No-Group" eliminates the group
preference extraction module, simplifying the generation of
location embeddings. "No-Individual" removes the individual
preference extraction module, applying diffusion and denoising
directly to fixed location embeddings from the group preference
module. "No-Distance Loss" excludes the distance-aware loss
L4 from the objective function. Performance degradation
confirms that removing the individual preference extraction
module has the most significant impact, emphasizing its role
in leveraging historical and current data to capture individual
mobility preferences. In contrast, omitting the group preference
module has a relatively minor effect, as the location embeddings
it generates still enrich the individual preference module,
enabling a more comprehensive integration of individual and
group mobility patterns. Additionally, excluding £; most
notably affects the Distance metric, reinforcing its role in
enforcing spatial continuity constraints by penalizing excessive
deviations between consecutive trajectory points.

Table VI reports the performance of different Group Ten-
dency variants on the Geolife dataset. Removing this module
(No-Group) leads to a clear performance decline, indicating that
group mobility tendencies provide effective priors for trajectory
recovery. Using only first-order proximity (G-FirstOrder) yields
limited gains, as Geolife exhibits significant sparsity and long-
tail patterns, making direct transition frequencies insufficient to
characterize spatial relationships. In contrast, second-order prox-
imity (G-SecondOrder) better captures neighborhood structural
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Fig. 5. Sensitivity of hyper-parameters.

similarity, resulting in higher recall and lower distance errors.
Node2Vec [63] (G-Node2Vec), although capable of modeling
indirect relations through random walks, tends to bias toward
high-frequency nodes and is less stable on sparse mobility
graphs compared with LINE’s explicit first- and second-order
proximity modeling. We further evaluate two contrastive graph
learning methods. GraphCL [64] (G-GraphCL) constructs
contrastive views via random edge dropping and node dropping,
but this inevitably discards critical transition frequency infor-
mation encoded in edge weights. GRACE [65] (G-GRACE)
adopts finer-grained adaptive augmentation and outperforms
GraphCL, yet its edge removal mechanism still distorts the
relative distribution of transition frequencies. Both methods
surpass Node2Vec but remain inferior to LINE. Overall, the full
DiffMove model, which jointly incorporates first- and second-
order proximity, achieves the best performance, demonstrating
the necessity of combining direct transition preference and
structural similarity for high-quality trajectory recovery. Al-
though LINE is a classical method, its explicit optimization
of pairwise transition frequencies aligns naturally with the
group tendency graph semantics without any augmentation
perturbation, confirming that semantic-aligned inductive biases
can outperform more complex general-purpose methods in
task-specific scenarios.

3) Sensitivity of Hyper-parameters: We analyzed the sensi-
tivity of key hyperparameters, including the number of attention
heads and layers, and the weight \; of the distance-aware loss.
The results presented are based on the Tencent dataset, with
similar trends observed in Geolife.

Figure 5(a) shows the variation of Recall when varying
the number of layers from 1 to 8 while keeping the number
of heads fixed at 8. Recall reaches its maximum at 4 layers
(Recall ~ 0.813) and then gradually decreases as the depth
continues to grow, indicating that overly deep architectures
introduce redundant capacity and slightly hurt generalization
on sparse trajectory data. Similarly, when varying the number
of heads from 1 to 10 with the number of layers fixed at
4, Recall peaks at 8 heads (Recall ~ 0.813), which suggests
that a sufficiently diverse multi-head attention is beneficial
for modeling heterogeneous spatio-temporal mobility patterns.
Based on these observations, we set the number of layers to 4
and the number of heads to 8.

For the weight \; of the distance-aware loss, increasing
Mg consistently improved the Distance metric, while Recall
reached its optimal value at Ay = 1.2. Therefore, we selected
Mg = 1.2 for the Tencent dataset.
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TABLE VII
PERFORMANCE W.R.T MISSING RATIOS ON TENCENT DATASET.

Missing Rate 20% 40% 60% 80%

Recall 0.7646  0.7502  0.7267 0.7145

AttnMove MAP 0.8249  0.8056 0.7731 0.7628
Distance 934 1012 1146 1195

Recall 0.8457 0.8301 0.8076  0.7823

DiffMove MAP 0.8945 0.8612 0.8428 0.8364
Distance 681 745 802 835

4) Robustness Analysis: To evaluate the robustness of our
model under varying missing ratios, we conducted experiments
with results summarized in Table VII. Three key observations
emerge from this analysis. First, as the missing ratio increases,
the performance of both the best baseline, AttnMove, and our
model declines across all three metrics, confirming the negative
impact of missing data on trajectory recovery. Second, across all
missing ratios, our model consistently outperforms AttnMove,
demonstrating its ability to maintain superior performance
under different levels of data sparsity. Finally, even with an
80% missing ratio, our model still surpasses AttnMove when
tested with a 20% missing ratio, underscoring its robustness
in handling highly sparse datasets.

The enhanced robustness of our model is attributed to its
ability to jointly capture both group and individual preferences
while leveraging a diffusion model to integrate these factors into
mobility intention modeling. In contrast, AttnMove primarily
relies on individual trajectory information without incorporating
these additional design elements. In extreme cases where users
have limited trajectory data, our model can still effectively infer
mobility intentions by utilizing group-level preferences. By
considering a broader spectrum of information, our approach
significantly improves performance in scenarios with high data
sparsity, reinforcing its robustness.

5) Efficiency Analysis: To further evaluate the deployability
of different trajectory generation models in real-world ap-
plications, we compare representative methods in terms of
parameter size and inference runtime. Table VIII summarizes
the parameter counts and inference time of all models under a
unified hardware setting (NVIDIA RTX 2080 Ti GPU).

First, regarding parameter size, DiffMove contains 9M
parameters, which is at a moderate level—significantly smaller
than the Mixture-of-Experts model TrajMoE (40M), the diffu-
sion model UniMob (15M), and the full-step diffusion model
TrajGDM (20M). This indicates that DiffMove maintains a
compact architecture while preserving expressive capacity. In
addition, the parameters of conventional Transformer-based
models (such as TrajBERT, STR, and AttnMove) are generally
in the range of SM-10M, which is comparable to DiffMove.

Second, in terms of inference efficiency, diffusion models nat-
urally require more computational overhead due to their multi-
step sampling procedures. To provide a transparent comparison,
we report the sampling steps " for each diffusion-based model
in Table VIII. DiffMove and GenMove both perform T = 50
lightweight diffusion steps in the embedding space, leading to
inference times of 300ms and 450ms, respectively. In contrast,
TrajGDM executes 1" = 300 full diffusion steps directly in the

TABLE VIII
ESTIMATED PARAMETER SIZE, TRAINING COST, AND INFERENCE RUNTIME
OF REPRESENTATIVE TRAJECTORY MODELS ON AN NVIDIA RTX 2080 TI1

GPU.

Model Params Train Conv. Total Infer.  Samp.

(M) (s/fepoch)  Epochs  Train (h) (ms) Steps
DiffMove 9 100 180 5.0 300 50
GenMove 10 120 200 6.7 450 50
TrajGDM 20 180 230 11.5 900 300
UniMob 15 150 210 8.8 750 50
BCDiff 30 250 290 20.1 3000 200
CLMove 4 45 100 1.3 120 -
ARMove 6 50 80 1.1 130
TrajBERT 10 80 120 2.7 210
STR 9 70 130 2.5 190
TERI 8 60 100 1.7 160
PeriodicMove 7 75 120 25 200
TrajMoE 40 160 150 6.7 280
BeTR 6 55 100 1.5 190
AttnMove 5 40 100 1.1 150

trajectory space incurring a much higher inference cost (900ms).
Similarly, BCDiff employs two coupled diffusion models with
T = 200 steps for bidirectional trajectory generation, resulting
in an inference time of approximately 3000ms. UniMob incurs
an inference time of 750 ms even with 7" = 50 steps, owing to
its larger Diffusion Transformer architecture for joint trajectory
and flow modeling. The differences in sampling steps and
inference cost primarily stem from the choice of diffusion
space: models such as TrajGDM and BCDiff operate in the high-
dimensional trajectory space and require more denoising steps
to converge, whereas DiffMove performs diffusion in a lower-
dimensional embedding space, achieving effective recovery
with fewer steps. This embedding-space design is the key factor
behind DiffMove’s efficiency advantage among diffusion-based
models.

For non-diffusion baselines, CLMove, ARMove, and Attn-
Move achieve the fastest inference (120-150ms), while models
incorporating graph structures or multi-level attention (e.g.,
PeriodicMove and STR) show slightly higher inference costs
(around 190-200ms). Although DiffMove’s inference time
(300ms) is higher than these non-diffusion methods, trajectory
recovery is typically an offline batch-processing task rather
than a real-time application, making the current latency fully
acceptable for practical deployment. Moreover, for scenarios
with stricter latency requirements, DiffMove is compatible with
accelerated sampling strategies such as DDIM [66], which
can reduce the sampling steps from 50 to 10-25, potentially
bringing the inference time down to 60-150ms with controllable
performance degradation.

In summary, DiffMove offers a favorable balance between
model capacity and computational cost: it maintains the
advantages of diffusion-based modeling while achieving lower
parameter size and faster inference than other diffusion-based
approaches. These properties make DiffMove suitable for
deployment in large-scale human mobility generation scenarios.

6) Sensitivity of Temporal and Spatial Granularity: To
investigate the impact of discretization granularity, we evaluate
DiffMove on the Tencent dataset under three temporal reso-
lutions (15 min, 30 min, 60 min) and three spatial grid sizes
(32 x 32, 64 x 64, 128 x 128).

Temporal granularity. As shown in Table IX, reducing the
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TABLE IX
TEMPORAL GRANULARITY SENSITIVITY ON TENCENT DATASET.

Time = pecall@l Recall@s Map PDistance  Grid
Interval (m) Accuracy
15 min  0.8103 0.8874  0.8627 524 0.3285
30 min  0.8457 09159 0.8945 681 0.3694
60 min  0.8684 0.9312 0.9103 895 0.4012

TABLE X

SPATIAL GRANULARITY SENSITIVITY ON TENCENT DATASET.

Spatial —po i@l Recall@s map Distance  Grid
Resolution (m) Accuracy
32 x 32 0.8793 0.9341 0.9187 862 0.4215
64 x 64 0.8457 0.9159 0.8945 681 0.3694
128 x 128  0.7986 0.8791 0.8524 513 0.3042

interval from 30 min to 15 min increases the number of daily
time slots from 48 to 96, resulting in a higher missing ratio and
greater recovery difficulty. Recall@1 decreases from 0.8457 to
0.8103, and MAP drops from 0.8945 to 0.8627. Nevertheless,
Distance improves from 681 m to 524 m, since shorter intervals
constrain user displacement within each slot, leading to more
precise spatial predictions. When the interval is increased to
60 min, the reduced number of slots (24 per day) simplifies
the classification task, yielding higher Recall@1 (0.8684) and
MAP (0.9103). However, the coarser temporal resolution causes
Distance to increase to 895 m, as each slot aggregates movement
over a wider spatial range. Despite these variations, DiffMove
maintains stable and competitive performance across all three
settings.

Spatial granularity. As reported in Table X, a similar trade-
off is observed along the spatial dimension. The coarse 32 x
32 grid yields only 1,024 candidate cells, leading to higher
Recall@1 (0.8793) and Grid Accuracy (0.4215), but a larger
Distance (862 m) due to the increased cell area. Conversely,
the fine 128 x 128 grid produces 16,384 candidates, making
classification harder and reducing Recall@1 to 0.7986, while
achieving the lowest Distance of 513 m owing to the smaller
cell coverage. The default 64 x 64 grid strikes a balanced
trade-off between the two extremes.

Overall, the results confirm that DiffMove is robust to
both temporal and spatial discretization choices. A consistent
precision-coverage trade-off exists across granularities: finer
resolution improves spatial localization at the cost of classi-
fication accuracy, and vice versa. The default configuration
(30 min, 64 x 64) provides a well-balanced operating point and
remains consistent with prior work for fair comparison [20],
[21].

VI. CONCLUSION

We propose a novel mobility trajectory recovery method
named DiffMove, which captures the group tendency and
individual preference simultaneously. To capture the group
mobility tendency from the group view, we construct a group
tendency graph and fuse the group tendency into location
representations with graph embedding. To model the individual

mobility preference from the individual view, we first capture
individual mobility preferences from their historical and current
trajectories and then utilize a diffusion model to refine the
spatio-temporal distribution of these trajectories. We conduct
extensive experiments on three real-world datasets, and the
results verify the effectiveness of our DiffMove model. In
the future, we plan to extend our framework. Semantic-aware
trajectory recovery can be realized by considering the functional
properties of the visited locations.
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