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Core Idea & Key Innovation

Background & Problem

» Challenge 1: Real-world event sequences (user
behavior, mobility, logs) are irregularly sampled &
extremely sparse with long gaps.

» Limitation of existing methods:

* Vanilla Neural ODE:s fail under severe sparsity.

e Difftusion models treat time as static condition.

» Challenge 2: Individual states evolve continuously
but are strongly influenced by population-level
global dynamics (season, trend, crowd flow).

* Discrete models blur long-range temporal structure.

* Most ignore 1individual—global asynchronous coupling.

We propose CoCLD (Coupled Continuous-Time Latent Dynamics): A unified framework
that jointly models individual & global continuous dynamics 1n a shared latent space,
using diffusion for interpolation and coupled Neural ODE for evolution.
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Key Contributions

a) Novel coupled continuous-time framework
for 1rregular event sequences.

b) Synergy of time-guided diffusion and
coupled Neural ODE for sparse data.

c) Rigorous theoretical proof & state-of-the-art
empirical performance.

d) Wide applicability: urban planning, intell
1gent transportation, recommendation system.

* CoCLD eftectively models coupled individu
al-global continuous dynamics from irregular
& sparse events.

* CoCLD provides a principled “Interpolate-
then-Evolve” paradigm and sets a new
baseline for irregular sequence modeling.

Experiments & Results (Task 1: POI Prediction; Task 2: Trajectory Generation; Task 3: Sequential Recommendation)
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