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Background: Infer Causality in Climate System 

➢Understanding the causal structure of climate systems is 

fundamental not only to scientific reasoning, but also to 

reliable modeling and prediction.

Illustration of real-world 
climate system.

➢By uncovering how various components of the climate 

interact, such as atmospheric dynamics, ocean circulation, 

and biospheric feedbacks, researchers can distinguish 

causal relations from observable correlations.

Weather forecasting
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Background: Infer Causality in Climate System 
➢Some climate variables are not directly measured but significantly influence the observed 

dynamics, exhibits both instantaneous and time-lagged causal dependencies. 

➢Exhibit spatial interactions through emergent weather patterns, like wind circulation 

systems.
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(a) Illustration of real-
world climate system.

(b) Temporal data 
generation process.

(c) Microscopic causal 
snapshot at time 𝑡.

Causal Abstraction Zoom In
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A Fundamental Problem in Causal Discovery: 
How to Jointly Recover Causal Factors in Hidden & Observed Space?
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Prior methods focus on either or
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Latent Causal Process
Causal Relations in 

Observed Space

➢In a realistic climate system, both are present.



5Minghao Fu | Ph.D. Student @ UCSD  | minghaofu.github.io

A Unified Framework for Unveiling the Climate System

➢ In the temporal scenario, we introduce a unified framework CaDre that jointly uncover

➢ (i) Causal relations among observed variables

➢ (ii) Latent driving forces together with their interactions
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(a) Illustration of real-
world climate system.

(b) Temporal data 
generation process.

(c) Microscopic causal 
snapshot at time 𝑡.

Causal Abstraction Zoom In

Fu et al. learning general causal structures with hidden dynamic process for climate analysis. ICML 2026
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What information and condition 

can unveil latent factors and 

causal relations?

Theoretical Foundation

Our Solution

How can these theoretical 

foundations guide the design of 

model and objective function?

Implementation
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Problem Formulation

➢We translate how the dynamic climate system evolves to the following Structural Equation 

Model (SEM) at each discrete time step:
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(c) Microscopic causal 
snapshot at time 𝑡.

➢Causal relationships exist both in observed space & 

latent process

➢The causal graphs can change dynamically with the 

hidden process

➢All causal relations are nonparametric
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Emerged Problems in Identification

➢Based on this formulation, two fundamental identification problem emerged:

➢ (i) How to recover the latent space when observed variables are causally-related?

➢ (ii) How to identify nonparametric causal graphs over observed variables, even if 

they are modulated by a hidden dynamic process?

➢To formalize the stochastic generation process, we introduce an operator L (Dunford & 

Schwartz, 1971) to represent distribution-level transformations:
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Recover Latent Space

➢We extend the 3-measurement theory (Hu & 

Schennach 2008) to temporal causal representation 

learning with causally-related observations:
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Hu & Schennach, Instrumental Variable Treatment of Nonclassical Measurement Error Models, 2008, 
Econometrica
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Recover Latent Space: Proof Sketch and Contributions

➢Contribution: Result of Hu & Schennach relies on partially 

knowing the function form of 𝑔, and yields only 

distribution-level identifiability. 

➢ In contrast, our approach requires no such prior knowledge 

and achieves identifiability at the value level, an 

informative result for component-wise analysis. 

➢Proof Sketch:

(Hu & Schennach 2008) (Theorem 1)

Hu & Schennach, Instrumental Variable Treatment of Nonclassical Measurement Error Models, 2008, 
Econometrica
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Extend to Component-wise Identifiability

➢For a scientific analysis, we introduce a sparsity assumption (Li et al., 2024) on the latent 

dynamics to achieve component-wise identifiability of latent variables and causal process.
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➢Motivated by that physical climate factors, e.g., solar radiation and atmospheric, exhibit 

localized sparse influences.

Sparse Latent Causal Process
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DAG Invert Linear Operator

➢Aiming at reliably discovering causal graphs, we adopt a widely-used assumption in causal 

discovery:

➢ If the causal graph is a DAG, causal influence can be traced back to its source by following 

the reverse direction of the DAG, instantiated as an injective linear operator:
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DAG

DCG

Generating 

Direction

➢DAG among observed variables does not 

disturb the injectivity of operator! 
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Nonparametric Causal Discovery with Hidden Process
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➢Nonparametric causal graph with latents are not identifiable without auxiliary variables. 

➢ Insight: The identified hidden process in prior results, can serve as auxiliary information!

(Theorem 1)
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Connecting SEM with Latents to nonlinear ICA

➢Nonparametric causal discovery with latent variables is ill-posed.

➢With auxiliary variables, a generative model (ICA) is more tractable for both 

identifiability analysis and practical implementations.

➢ Identify the ICA model 

to equivalently infer 

the causal graphs.

Eq. Functional Equivalence
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Identifiability of Nonparametric Dynamic Causal Graphs

➢ In presence of auxiliary variables, nonlinear ICA are generally identifiable under sufficient 

variability. Faithfulness ensures the structural translation from ICA to SEM.

(Theorem 1) (Nonlinear ICA) (DAG Constraint) (Infer Causal Graphs)

➢Proof Sketch:

➢To eliminate this permutation ambiguity, we further exploit the structural constraints 

encoded by the DAG over observed variables.
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Methodology

➢  z-encoder for extracting latent variables  

𝑧𝑡, and s-encoder for extracting 

nonstationary noise 𝑠𝑡. 

➢A decoder reconstructs  𝑥𝑡 from them.

➢  Prior networks estimate the prior 

distribution to learn the causal structures 

based on the Jacobian matrix.

➢𝐷𝐾𝐿 enforces independence of the 

estimated noise by minimizing its KL 

divergence w.r.t. 𝑁 0, 𝐈
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Overall Architecture
➢ELBO: z-encoder for extracting latent variables  𝑧𝑡, and s-encoder for extracting 

nonstationary noise 𝑠𝑡. A decoder reconstructs  𝑥𝑡 from them.

➢  z-encoder, s-encoder and decoder are implemented by Multi-Layer Perceptrons (MLPs) as:
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Estimating 𝑧𝑡  with 𝑠𝑡  using Flow Networks.
➢  Prior networks estimate the prior distribution to learn the causal structures based on the 

Jacobian matrix. 

➢  Using the same estimation backbone, we minimize the KL divergence between the prior of 

𝑠𝑡  and the posterior obtained from the s-encoder
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Structure Learning
➢To prevent redundant edges and cycles, a sparsity penalty is imposed on each structure:

➢  DAG constraints are imposed on the causal graph over observed variables and instantaneous 

latent causal DAG

, where
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Experiment Results: Comparison with Constraint-based CD

➢CaDRe outperforms all baselines across different sample sizes and variable dimensions.

Fig. Causal discovery results compared with constraint-based method
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Experiment Results: Comparison with Temporal CRL

➢Considered methods fail to recover latent variables, as they cannot properly address cases 

where the observed variables are causally-related.

Tab. Identification results compared with temporal CRL
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Experiment Results: Climate Forecasting

➢Our approach outperforms existing time-series forecasting models in precision, due to existing 

models struggling with causally-related observations and non-contaminated generation

Tab. Weather forecasting across 3 different datasets
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Experiment Results: Causal Learning on Climate System

➢The overall wind trend in each map shows the consistency between wind and causal relations.

➢Scientific discoveries by CaDRe are consistent with established scientific evidences.

Estimated 

Latent

Process

Estimated 

Causal 

Graph

Wind 

System
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Limitations & Future Work

➢Allow time-lagged causal relations over observed variables with 4-measurements (Hu 

& Shum, 2012)

Hu, Yingyao, and Matthew Shum. "Nonparametric identification of dynamic models with unobserved 

state variables." Journal of Econometrics 171.1 (2012): 32-44.

➢Extend CaDRe to the climate foundational model

➢A general state-space model for causal discovery

Fig. 4-Measurements

Fig. General State-space Model
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