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Abstract

The heart of climate analysis is a rational effort to understand the causes behind the
purely observational data. Latent driving forces, such as atmospheric processes,
play a critical role in temporal dynamics, and the task of inferring such latent forces
is often a problem of Causal Representation Learning (CRL). Moreover, geograph-
ically nearby regions may directly interact with each other, and such direct causal
relations among the observed data are often not modeled in traditional CRL, mak-
ing the problem more challenging. In this paper, we propose a unified framework
that can uncover not only the latent driving forces, but also the causal relations
among the observed variables. We establish conditions under which the hidden
dynamic process and the relations among the observed variables are simultaneously
identifiable from time-series data. Even without parametric assumptions on the
causal relations, we provide identifiability guarantees for recovering latent variables
and the relations among the observed variables via contextual information. Guided
by these insights, we propose a framework for nonparametric Causal Discovery
and Representation learning (CaDRe), based on a time-series generative model
with structural constraints. Synthetic data validates our theoretical claims. On
real-world climate datasets, CaDRe achieves competitive forecasting performance
and offers the visualized causal graphs consistent with domain knowledge, which
is expected to improve our understanding of the climate systems.

1 Introduction

Understanding the causal structure of climate systems is fundamental not only to scientific rea-
soning [59], but also to reliable modeling and prediction. Given the observed data with d, vari-
ables: x; = [z41,...,%4,4,], our goal is twofold: (1) to discover the underlying latent variables
Z; = [2¢1,...,%4,) and their temporal interactions, and (2) to identify causal relations among
observed variables. To better understand this problem, we describe it using a causal modeling perspec-
tive. As depicted in Figure 1, latent drivers z;, such as pressure and precipitation [8], are not directly
measured but significantly influence the observed dynamics. These latent processes evolve jointly
and stochastically, exhibiting both instantaneous and time-lagged causal dependencies [43, 57]. They
govern observable quantities x; like temperature, which reflect underlying dynamics and also exhibit
spatial interactions through emergent weather patterns, such as wind circulation systems.

Identifying these underlying hidden variables and temporal relations is the central objective of Causal
Representation Learning (CRL) [61] problem. Recent advances in identifiability theory and practical
algorithm design fall under the framework of nonlinear Independent Component Analysis (ICA).
These approaches typically rely on auxiliary variables [23, 24, 22, 75], sparsity [32, 85, 86, 31, 5],
or restricted generative functions [16], and generally assume a noise-free and invertible generation
from z; to x;, in order to directly recover latent space. However, climatic measurements exhibit
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(a) Illlustration of real- (b) Temporal data
.. world climate system. /' generation process. 3

Figure 1: From climate system to causal graph. x; represent observed data and z; denotes unobserved
variables behind x;, €] denotes the stochasticility in latent causal process, and s; denotes the noise
variable varying with z;, e.g., human activities [8].

both observational dependencies and stochastic noise, violating these assumptions and limiting the
applicability of existing CRL approaches.

This problem can also be cast as the problem of causal discovery [65, 51] in the presence of latent
processes. Causal discovery often relies on parametric models, such as linear non-Gaussianity [62],
nonlinear additive [ 17, 30], post-nonlinear models [80], as well as nonparametric methods with [21,

, 46] or without auxiliary variables [64, 84, 81]. However, generally speaking, they cannot identify
latent variables, their interrelations, and their causal influence on observed variables. For example,
Fast Causal Inference (FCI) algorithm [64] produces asymptotically correct results in the presence
of latent confounders by exploiting conditional independence relations, but its result is often not
informative enough; for instance, it cannot recover causally-related latent variables.

This above underscores the need for a unified framework capable of modeling both the observational
causal structure, defined as the relations among the observed variables, and latent dynamic processes
inherent to real-world climate systems. We understand the climate system through a causal lens and
establish the identifiability guarantees for jointly recovering latent dynamics and observational causal
graphs. Intuitively, the temporal structure enables leveraging contextual observable information to
identify latent factors, while the inferred latent dynamics, in turn, modulate how observational causal
graphs evolve. We instantiate this insight in a state-space Variational AutoEncoder (VAE), which can
conduct nonparametric Causal Discovery and Representation learning (CaDRe) simultaneously.

CaDRe employs parallel flow-based priors to learn independent components to reflect structural
dependencies, and introduces gradient-based structural penalties on both latent transitions and
decoders to ensure identifiability. Extensive synthetic experiments on the identification of latent
representation learning and causal discovery validate our theoretical guarantees. On real-world
climate data, CaDRe achieves competitive forecasting accuracy, indicating the effectiveness of the
learned temporal process. The visualized causal graphs align with known scientific phenomena, e.g.,
wind circulation and land—sea interactions, and further reveal structural patterns that may inspire new
hypotheses in climate science.

2 Problem Setup

Technical Notations. We present the notations in a climate system, a terminology widely used
in ICA literature [23]. We observed a time-series of observed variables X = [x1, X2, -+ ,XT],
whereas their underlying factors Z = [z, 22, - - - , zr] are unobservable. Regarding the system in
one time-step, as depicted in Figure 1, it consists of observed variables x; := [x; ;];cz With index set
Z=1{1,2,...,d,}, and latent variables z, := [z, ;] ;e indexed by J = {1,2,...,d.}. Let pa(-)
denotes the parent variables, pa,(-) refers to observable parents, and pa; (-) indicates the latent
parents. In particular, pa; (-) comprises latent variables from both the current and previous time step.
Throughout the paper, the hat notation, e.g., X;, denotes estimated variables or functions.

Data Generating Process. Suppose we have observed the time series data with discrete timestamps
X = [x1,X3,...,X7]|. We translate how a climate system evolves to the following Structural
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Equation Model (SEM) [51] at each discrete time step:

i = 9i(Pao (e), PAL (Te,i), St.i), 2t = fi(Pap(2e;), €7 ;) St = gs(Zes€r;), (1)

effects from x; and z, effects from z; _1 and z; noise conditioned on z;

where g; and f; are differentiable functions, and noise terms €; ; ~ pe, ,€;; ~ pe, are mutually
; it g

independent for Z and J. As discussed in the introduction, the observed variable x¢; may be
influenced by other observed components x; \; and the latent variables z;. For example, temperature
in a specific region may be governed by latent drivers such as solar radiation, and also be affected by
neighboring regions through heat transfer. The stochastic term s; ;, depending on latent variables
z;, is designed to capture inherent climatic variability, such as perturbations introduced by human
activities on CO» [66]. The latent variable z; ; evolves according to both instantaneous interactions
with other components z, \ ; and time-lagged dependencies from the previous step z; 1. Aiming at
reliably discovering causal graphs, we additionally adopt an assumption [65] in causal discovery:

Assumption 1. The distribution over (X, Z) is Markov and faithful to a Directed Acyclic Graph
(DAG).
Based on the generation process, we formally define the identifiability of latent space, latent variables,
and observational causal structure, each serving as a prerequisite for reliable climate analysis.
Definition 1 (Identifiability Criteria). Let X = {Xy, ..., X7} be a sequence of observed variables
generated by the true latent causal processes specified by (f, g, gs,p(€f),p(ef)) as described in
Equation 1. A learned generative model (f, G, §s,p(€F), p(€7)) is said to be observationally equivalent
to the true model if it induces the same distribution over observations, i.e., p; . » (X) = py,g,.(X).
Under this equivalence, we define the following identifiability properties:
i. (Identifiability of Latent Space): z; = h(z;) for all t, where h : R% — R% is invertible.
ii. (Component-Wise Identifiability of Latent Variables): Z; ; = hi(ztm(,-))for all t and i, where T
is a permutation over {1,...,d} and h; : R — R are invertible functions.
iti. (Identifiability of Observational Causal Graph): The estimated causal parents of each observed
variable match the ground truth, i.e., pay () = pay(xy;) for all t and i.

3 Identification Theory

Given the above definitions and goals, we first establish the identifiability of the latent space in
Theorem 1, and further show that the latent causal process is identifiable under a sparse latent
process [31, 35] in Theorem A.3. We then draw a formal connection between the SEM and nonlinear
ICA with latent variables, which are shown to describe the same data generating processes in
Theorem 2. This connection nourishes a functional equivalence for computing the causal graphs
through the mixing structure of ICA in Theorem 2. Finally, we prove the identifiability of the
nonlinear ICA with latent variables in Theorem 3 by leveraging the cross-derivative condition [36],
subsequently identifying observational causal graphs in SEM via functional equivalence.

3.1 Latent Space Recovery and Latent Variables Identification

In this section, we aim to characterize the relationships between ground truth z; and estimated z;.
We consider, without loss of generality, a first-order Markov structure, in which three consecutive
observations {x;_1,X¢,X¢41 } are used as contextual information. The generalization to higher-order
Markov structures is discussed in Appendix D.1. To formalize the stochastic generation process,
we introduce an operator L [12] to represent distribution-level transformations, that is, how one
probability distribution is pushed forward to another. Given two random variables a and b with
supports A and B respectively, the transformation p, +— p; is formalized as:

by = Lb\a © pq, Where Lb|a O Pa = / pb\a(' ‘ a)pa(a)da' 2
A

For example, operators Ly, |5, and Ly, |x,,, represent the distributional transformations p,, —
Dx.qq and px,,, = Dx,_,, respectively. With the help of this operator, we turn to addressing the
problem of "causally-related" observed variables in recovering the latent space. When the observed
causal graph forms a DAG, information is preserved along the causal pathways without getting
trapped into a self-loop. This suggests that causal influence can be traced back to its source by
following the reverse direction of the DAG through the "short reaction lag" [14]. Formally, this
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implies that the associated operator in the generative process must be injective, ensuring that the
transformation retains full distributional information. We formalize this as follows:

Lemma 1. (Injective DAG Operator) Under Assumption 1, Ly, s, is injective for all t € T.

This result implies that the nonlinear causal DAG over x; does not disturb the recovery of the latent
space. Building on this, we now address a more fundamental challenge: the latent variable z, cannot
be recovered from a single noisy observation x;, as the stochasticity makes the value-level mapping
ill-posed. Instead, we seek identifiability at the distributional level. Notably, adjacent observations
x¢—1 and X,y contain non-trivial information about z, if they exhibit minimal changes. We propose
the following theorem to provide nonparametric identifiability of the latent submanifold based on
distributional variations captured by contextual measurements.

Theorem 1. (Identifiability of Latent Space) Suppose observed variables and hidden variables
follow the data-generating process in Eq. (1), and estimated observations match the true joint
distribution of {X¢_1, Xt, X¢.y1} as illustrated in Definition 1. The following assumptions are imposed:
Al (Computable Probability:) The joint, marginal, and conditional distributions of (x:,2:) are all
bounded and continuous.
A2 (Contextual Variability:) The operators L

xip1|ze and Ly, |, are injective and bounded.

A3 (Latent Drift:) For any zil), z£2) € Z; where zgl) # ZEQ), we have p(xt\zgl)) # p(xt|z§2)).

A4 (Differentiability:) There exists a functional M such that M [px, 5, (- | 2¢)] = h.(z) for all
z; € Z;, where h is differentiable.

Then we have 2; = h_(z), where h, : R%= — R is an invertible and differtiable function.

Discussion on Assumptions. As presented, Al is a moderate condition for computable density
fucntions. A2 introduces sufficient distributional variability, formalized via injectivity at the density
level. A3 ensures that distinct values of z; induce distinct conditionals p(x; | z;), which is violated
only when two values of z; yield identical distributions. A4 requires that the mapping from z; to
p(x¢ | z¢) is differentiable—a condition naturally satisfied by models based on differentiable neural
networks, such as VAEs. Please refer to Appendix A.2 for detailed discussions.

Proof Sketch and Contributions. The complete proof is deferred to Appendix A. Prior work on
nonparametric identifiability [18, 6] relies on partially knowing the function form of generation
mechanism ¢, and yields only distribution-level identifiability, i.e., ps, = pz,. In contrast, our
approach requires no such prior knowledge and achieves identifiability at the value level, a more
informative result. As depicted in Eq. (A19), we begin by proving the uniqueness of the posterior
collection {p(x; | Z¢)} 3, , where the unordered set unveils the existence of a relabeling function
on the conditioning variables. A3 then ensures a one-to-one correspondence between z; and the
posteriors p(x; | Z;), thereby ruling out degenerate mappings from posteriors to values.

‘ etz (1 26) 2, = {Pxy1a, ([ 20)} 5, | = ‘Px,,\zf,(xt | ha(2t)) = Pacy 2, (Xt | 20) ‘=> ‘ 2 = hz(zt) ‘

Finally, A4 pins down the & to be differentiable. After recovering the latent space, we aim to enhance
interpretability by ensuring that each latent component corresponds to a distinct physical variable.
To achieve this, we introduce a sparsity assumption on the latent dynamics, which is motivated by
that physical climate factors—such as solar radiation, atmospheric pressure, or ocean currents—tend
to exhibit localized sparse influences. Please refer to Appendix A.3 for the theorem regarding
component-wise identifiability of latent variables.

3.2 Nonparametric Causal Discovery with the Hidden Dynamic Process

Building upon the results on recovering latent representations, we now seek to identify general
nonlinear causal graphs over x;, even if they are modulated by a hidden dynamic process. Recent
works [40, 55] extend the ICA-based Causality Discovery (CD) [62] to nonparametric settings via
nonlinear ICA [25]. However, these methods are not applicable in the presence of latent confounders.
To overcome this limitation, we establish a refined connection between SEMs and nonlinear ICA.

Lemma 2. (Nonlinear SEM < Nonlinear ICA) There exists a function m;, which is differentiable
w.rt. sy ; and Xy, for any fixed s, ; and z, such that the following two representations,

Ty = gi(Pap(Te,i), Par (Te),504) and  x; = m;(zg,S;) 3)

describe the same data-generating process. That is, both expressions yield the same value of x+ ;.
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Figure 2: Equivalent SEM and ICA. The gray
Rl iiile Rl line in SEM denotes the influence z: 2 — x¢1

\ / \ / \ / N\ / through the observation causal relation, which is
— N\ equivalently represented as an indirect effect (the

ty 1l fi2 51l t2  orange line): s;2 --+ x4 1 in ICA, which can be
SEM ICA decomposed into s; 9 — @2 and Ty 9 —> Ty 1.

After establishing this equivalence, we proceed to perform CD via the nonlinear ICA with latent
variables. We begin by introducing the Jacobian matrices on this data generating process, as they serve

as proxies for the (nonlinear) adjacency matrix. For all (4, j) € Z x Z, we define [J,,,(s¢)]:,; = gf: ,
. °t,7
Oy, . Owy1 Oz O, 4, . . . .

[T, (x0))i = 8;Z:j , and D,,,(s;) = diag( aizi, 8?;3 s aﬁ:jx ), Iy, is the identity matrix in

Rd=*dz Here, J,,(s;) corresponds to the mixing process of nonlinear ICA, as described on the
R.H.S. of Eq. (3). Note that J,(x;) signifies the observational causal graph in the nonlinear SEM,
the L.H.S. of Eq. (3), provided the faithfulness assumption outlined below holds.

Assumption 2 (Functional Faithfulness). The causal adjacency structure among observed variables
is given by the support of the Jacobian matrix J 4(x¢).

This assumption implies edge minimality in causal graphs, analogous to the structural minimality
discussed in [52] (Remark 6.6) and minimality in [79], which enables us to establish a equivalence
between the observational causal graph in SEM and the mixing structure in nonlinear ICA.

Theorem 2. (Functional Equivalence) Consider the two types of data generating process described
in Eq. (3), the following equation always holds:

Jg(xt)Im(st) = Jm(st) — Din(sy). 4)

Proof Sketch. Following the depiction of the SEM, the flow of information can be traced starting
from the observed variables x;. The DAG structure ensures that the sources are the latent variables
and the independent noise, implying that the data generation process conforms to a specific nonlinear
ICA: [z, €;,] = X, where z; is characterized as a conditional prior. Refer to Appendix A.4 for
a detailed proof. We establish two results that strengthen the SEM—-ICA connection by relaxing
modeling assumptions and enabling its practical application within generative models.

Corollary 2.1. Under Assumption 1, given any z; € Z;, J.,,(s;) is a invertible matrix.

This result unveils that the DAG structure among observed variables implies the invertibility of the
mixing function m in the nonlinear ICA. As a direct consequence, by left-multiplying both sides of
Eq. (4) with J;;(s;), we obtain the following expression:

Corollary 2.2. Observational causal graphs are represented by J;(x¢) = Ly, — Dy (s¢)J,,  (s¢)-

Building upon these SEM-ICA connections, we derive sufficient conditions under which the observa-
tional causal graph becomes identifiable in virtue of the recovered latent processes.

Theorem 3. (Identifiability of Observational Causal Graph) Let A, ;; = logp(s; x|z.), assume
that A,y is twice differentiable in s, j, and is differentiable in z;, wherel = 1,2, ...,d,. Suppose
Assumption 1, 2 holds true, and

A5 (Generation Variability). For any estimated §,,, that makes x; = Xy = m(Z¢, $;), let

| %Ak %Ak _ | _2%A. Ak
V(t7 k) - |:Bst,k€;zl:,1 o 68t,k8;tljdz:| ,U(t7 k) T |:ast,k8f2:t,1 o ast,kagzl’;,dz ’
where for k = 1,2,...,d,, 2d, vector functions V (t,1),...,V(t,d,),U(t,1),...,U(t,d,) are
linearly independent. Then we attain ordered component-wise identifiability (Definition 5), and the
structure of the observational causal graph is identifiable, i.e., supp(J4(x¢)) = supp(J;(X¢)).

Proof Sketch. The core idea of the proof extends the notion of component-wise identifiability. Recall
from data generating process | that satisfies s; ; 1L s; ; | z; for all ¢ # j. From Theorem 1, we know
that block-level information about z; is identifiable and can be treated as a continuous conditioning
domain [23]. To eliminate the permutation ambiguity, we further exploit the structural constraints
encoded by the DAG over observed variables. The full proof is provided in Appendix A.7.
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Table 1: Attributes of causal discovery that can apply to time-series. A check denotes that a method
has an attribute or result, whereas a cross denotes the opposite.

Method | Nonparametric ~Latent Variables Latent Causal Graph  Observational Causal Graph  No Equivalence Classes
NESSM [20] X X X v v
CD-NOD [21] v X X v X

FCI [64] v v X v X
LPCMCI [15] 4 v X v X

CDSD [5] v v v X v

CaDRe v v v v v

In summary, these results establish a clear pipeline for reliably learning observational causal graphs
through latent variable identification, noise component identification, and structure identification.

2, = h.(z) | = \ 510 = hs(Se,(0)) \ = ] supp(J i) = supp(J.n) \ff \ supp(J5) = supp(Jy) \

Method Comparison. As summarized in Table 1, CaDRe supports versatile causal discovery across
multiple settings while addressing these challenges in a unified framework. NESSM [20] models
time-varying causal strengths but assumes causal sufficiency and restricts the causal model to a linear
form, making it a special case of CaDRe. CD-NOD [2 1] needs nonstationarity for causal discovery
and does not model latent variables, and suffers from equivalence classes. FCI [64] requires no
auxiliary assumptions but cannot recover latent variables and is limited to Partial Ancestral Graphs
(PAGs). LPCMCI [15] considers both latent variables and observational structure but does not model
latent temporal dynamics. CDSD [5] is designed for climate settings and assumes sparse causal
mechanisms, yet lacks a modeling framework for observational interactions in climate systems.

4 Estimation Methodology

Our theoretical insights shed light on the practical implementations. As shown in Figure 4, we instan-
tiate these insights into an estimation framework for Causal Discovery and causal Representation
learning (CaDRe) in the nonparametric setting, enabling direct inference of causal structures.

Overall Architecture. The proposed architecture is built upon the variational autoencoder [27]. In
light of data generating process 1, we establish the Evidence Lower BOund (ELBO) as follows:

Lgrpo = Eq(sl;T|x1;T) llog p(x1.7 | 1.7, 21.7)] —

5
M Dk (q(s1.r | x1.7) | p(s1r | 21:7)) — Ao Dxe (q(z1.7 | x1.7) || p(Z1.7)) S ©)

where \; and \q are hyperparameters, and D, represents the Kullback-Leibler divergence. We set
A1 =4 x 1072 and Ay = 1.0 x 102 to achieve the best performance. In Figure 4, the z-encoder,
s-encoder and decoder are implemented by Multi-Layer Perceptrons (MLPs) as follows:

z1.7 = ¢(X1.7), sur = n(X1.7), Xi.r = Y(21:7,81.7), (6)

respectively, where the z-encoder ¢ learns the latent variables through denoising, and s-encoder i
and decoder 7 approximate functions for encoding s; and reconstructing observations, respectively.

Prior Estimation of z; and s;. We propose using the s-prior network and z-prior network to
recover the independent noise €; and €7, respectively, thereby estimating the prior distribution of
latent variables z; and dependent noise S;. Specifically, we first let ; be the i-th learned inverse
transition function that take the estimated latent variables as input to recover the noise term, e.g.,
€§,i = r;(Zt—1,2¢). Each r; is implemented by MLPs. Sequentially, we devise a transformation

K= {21_1,%2+} — {Z1_1, €/}, whose Jacobian can be formalized as J,, = (Jd(iItﬂ Jr&t))
Then we have Eq. (7) derived from normalizing flow to estimate the prior distribution:

87’i
02,

According to the generation process, the noise €; ; is independent of z;_;, allowing us to enforce

independence on the estimated noise term éf_’i with D 1. Consequently, Eq. (7) can be rewritten as:

log p(2¢,2:—1) = log p(2;—1, € ) + log | |- (N

T d d
R ) z . z ari
logp(zlzT) = p(zl) H ( 1ng(€'r,i) + 210g|32 ] |> ) (8)
1 i=1 Tt

T=2 \i=
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Table 2: Results under Varying Observational Dimensionality (d,). Each setting is repeated with
5 random seeds. For evaluation, the best-converged result per seed is selected to avoid local minima.

d. | d, | SHD(J4(%;)) TPR  Precision MCC(s;) | MCC (z,) SHDJ,(2;) SHD (Ju(2:—1)) R?

3 0 1 1 0.9775+ 001 | 0.9721+ 001 0.27+0.05 0.26+ 0.03 0.90-+ 0.05

6 0.18+ 0.06 0.83+005  0.80+004 0.9583+0.02 | 0.9505+ 0.01 0.24+ 0.06 0.33+0.00 0.92+ 001

3 8 0.29+ 0.05 0.78+005  0.76=004  0.9020+0.03 | 0.9601+ 0.03 0.36+0.11 0.31+0.12 0.93+ 002
10 0.43+ 005 0.65+ 008  0.63+0.14 0.8504+007 | 0.9652+0.02 0.29+ 0.04 0.40-+ 0.05 0.92+0.02

100* 0.17+ 002 0.80+005  0.81+002 0.9131+002 | 0.9565+ 0.02 0.21+ 001 0.29+0.10 0.93+0.03

where p(€ ;) is assumed to follow a Gaussian distribution. Similarly, we estimate the prior of s;
using é;i = w; (%4, $¢), and model the transformation between $; and z; as follows:

logp (81.7 | Z21.7) = H Zlogp €1 —i—Zlog 8A

Specifically, to ensure the conditional 1ndependence of z; and §;, we using D, to minimize the KL
divergence from the distributions of €7 and € to the distribution A/ (0, I).

©))

Structure Learning. The variables r; and w; are designed to capture causal dependencies among
latent and observed variables, respectively. We denote J;(2;—1) as the Jacobian matrix of the
function r, which implies the estimated time-lagged latent causal structure; J,.(Z;), which implies
the estimation of instantaneous latent causal structure; and J ﬁ(fq), which implies the estimated
observational causal graph. Considering the observational causal graph, we compute J;_ (§;) from
the decoder, and instantly obtain the observational causal graph J(%;) via Corollary 2.2. Notably,
the entries of J;(%;) vary with other variables such as z;, resulting in a DAG that could change over
time. For the latent structure, we directly compute J;(Z;—1) and J-(%;) from z-prior network as the
time-lagged structure and instantaneous structure in latent space, respectively. To prevent redundant
edges and cycles, a sparsity penalty £, are imposed on each learned structure, and DAG constraints
L4 are imposed on the observational causal graph and instantaneous latent causal DAG. Specifically,
the Markov network structure for latent variables is derived as M(J) = (I+ J)T(I +J) —
Formally, we define these penalties as follows:

D Lo =M (@)l + IMTalz)) + 135l D La= Xt)) + D(Ir(21)).
(10)
where D(A) = tr [(I + = Ao A)™] — m is the DAG constraint from [77], with A being an m-
dimensional matrix. || - ||; denotes the matrix 1 norm. In summary, the overall loss function of the
CaDRe model integrates ELBO and penalties for structural constraints, which is formalized as:

Larr :l:ELBO+aZ£s+BZ£d7 (1

where o = 1.0 x 107 and 3 = 5.0 x 10~ are hyperparameters. The discussions about hyperpa-
rameter selections and their effects on performance are given in Appendix C.1.
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Figure 5: Comparison with Constraint-Based CD. We set d,, = 6 and d, = 3. We run experiments
using 5 different random seeds, and report the average performance on evaluation metrics.
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—— CaDRe FCI —— CDNOD —e— PCMCI —e— LPCMCI

Table 3: Identification Results on Simulated Data. We set the dimensions as d, = 3 and d, = 10,
and consider three scenarios according to our theory: i) Independent: z; ; and z; ; are conditionally
independent given z;_1; ii) Sparse: z;; and z; ; are dependent given z;_1, but the latent Markov
network G, and time-lagged latent structure are sparse; iii) Dense: No sparsity restrictions on latent
causal graph. Bold numbers indicate the best performance.

Setting | Metric | CaDRe iCITRIS G-CaRL CaRiNG TDRL LEAP SlowVAE PCL i-VAE TCL

Independent MCC 0.9811 0.6649 0.8023 0.8543 09106 0.8942 0.4312 0.6507 0.6738 0.5916

P R? 0.9626 0.7341 0.9012 0.8355  0.8649 0.7795 0.4270 0.4528 0.5917 0.3516

Sparse MCC 0.9306 0.4531 0.7701 0.4924  0.6628 0.6453 0.3675 0.5275 0.4561 0.2629

P Rr? 0.9102 0.6326 0.5443 0.2897  0.6953 0.4637 0.2781 0.1852 0.2119 0.3028
Dense

RQ

MCC | 0.6750 0.3274 0.6714 0.4893  0.3547 0.5842 0.1196 0.3865 0.2647 0.1324
0.9204 0.6875 0.8032 0.4925  0.7809 0.7723 0.5485 0.6302 0.1525 0.2060

S Experiment

Based on the proposed framework, we conduct extensive experiments on both synthetic and real-
world climate data to examine the identifiability of the latent process and observational causal graph,
as well as climate forecasting and scientific interpretability in realistic climate systems.

5.1 On Synthetic Climate Data

Baselines. The data simulation processes and evaluation metrices are presented in Appendix C.1. In
CD, we compare CaDRe with several constraint-based methods suited for nonparametric settings.
Specifically, we include FCI [63] and CD-NOD [21], which handle latent confounders, and time-
series methods PCMCI [60] and LPCMCI [15], which account for instantaneous and lagged effects
with latent confounding. In CRL, we benchmark against CaRiNG [7], TDRL [75], LEAP [76],
SlowVAE [28], PCL [24], i-VAE [26], TCL [23], and models that handle instantaneous effects,
including iCITRIS [37] and G-CaRL [47]. Details are presented in Appendix C.1.

Empirical Study. We show performance on the CD and CRL in Table 2, and investigate different
dimensionalities of observed variables. Our results on both latent representation learning metrics
verify the effectiveness of our methodology under identifiabilty, and the result on d,, = 100 makes it
scalable to high-dimensional data, if prior knowledge of the elimination of some dependences are
provided by the physical law of climate [13] or LLM [42], supports our subsequent experiment on
real-world data. Additionally, the study on different d,, can be found in Appendix C.1.
Comparison with Constraint-Based CD. Figure 5 shows that CaDRe consistently outperforms all
baselines across varying sample sizes, with performance improving as more data becomes available.
In contrast, FCI performs poorly when latent confounders are dependent, often leading to low recall.
CD-NOD relies on pseudo-causal sufficiency, assuming that latent variables are functions of surrogate
variables, which does not hold in general latent settings. PCMCI ignores latent dynamics altogether,
while LPCMCI assumes no causal relations among latent confounders, limiting its applicability
in complex systems. These comparisons highlight the effectiveness of CaDRe in addressing the
limitations of existing constraint-based methods.

Comparison with Temporal CRL. The MCC and R? results for the independent and sparse settings
demonstrate that our model achieves component-wise identifiability (Theorem A.3). In contrast, other
considered methods fail to recover latent variables, as they cannot properly address cases where the
observed variables are causally-related. For the dense setting, our approach achieves monoblock
identifiability (Theorem 1) with the highest R2, while other methods exhibit significant degradation
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Table 4: Results on Temperature Forecasting. Lower MSE/MAE is better. Bold numbers represent
the best performance among the models, while underlined numbers denote the second-best.

Dataset \ Predicted \ CaDRe TDRL CARD FITS MICN iTransformer TimesNet Autoformer
| Length | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96 0.410 0483 | 0.439 0.507 | 0.409 0.484 | 0.439 0.508 | 0.417 0.486 | 0.422 0491 | 0415 0.486 | 0.959 0.735

CESM2 | 192 0.412 0487 | 0440 0.508 | 0422 0.493 | 0447 0515 | 1.559 0.984 | 0.425 0.495 | 0417 0497 | 1.574 0.972
336 0413 0485 | 0441 0505 | 0421 0497 | 0482 0.536 | 2.091 1.173 | 0.426 0.494 | 0423 0.499 | 1.845 1.078

1970.6 1970.7

Figure 6: Top: Estimated instantaneous causal graph over climate grids. Bottom: Reference wind
field from [53]. Blue arrows denote learned causal directions; red arrows indicate wind vectors.

because they are not specifically tailored to handle scenarios involving general noise in the generating
function. These outcomes are consistent with our theoretical analysis.

5.2 On Real-World Climate Data

Baselines. Details about the climate datasets are presented in Appendix C.2. We consider the
following state-of-the-art deep forecasting models for time series forecasting. First, we consider the
conventional methods for time series forecasting, including Autoformer [72], TimesNet [71] and
MICN [69]. Moreover, we consider several latest methods for time series analysis like CARD [70],
FITS [73], and iTransformer [41]. Finally, we consider the TDRL [75]. We repeat each experiment
over 3 random seeds and publish the average performance.

Causal Discovery Consistency. As the ground-truth causal graph is inaccessible in real climate
data, we adopt the contemporaneous wind field [53] as a surrogate for evaluation. As shown in
Figure 6, CaDRe recovers observational causal graphs closely consistent with physical wind patterns,
serving as a scientific support. Specifically, CaDRe captures large-scale physical patterns (e.g.,
westward flows in equatorial oceans, southwestward propagation near Central America), while
revealing structurally complex zones along coastal boundaries. These dense, irregular edges may
reflect coupled land—atmosphere dynamics or anthropogenic influences [68, 4]. The latent transition
Z¢—1 — 24 is also visualized to unveil the hidden dynamic process in the scientific discovery.

Weather Prediction. We evaluate our method on the CESM2 sea surface temperature dataset for
real-world temperature forecasting. As summarized in Table 4, our approach outperforms existing
time-series forecasting models in precision, due to existing models struggling with causally-related
observations and non-contaminated generation, restricting their usability in real-world climate data.

6 Conclusion

We focused on the causal understanding of climate science and proposed a causal model with latent
processes and directly causally-related observed variables. We establish identifiability results and
develop an estimation approach to uncovering the latent causal variables, latent causal process,
and observational causal structures from the climate system, aiming to shed light on answering
“why" questions in climate. Simulated experiments validate our theoretical findings, and real-world
experiments offer causal insights for climate science.

Limitations. Our method shows performance degradation as the data dimensionality increases.
A potential solution is to adopt a divide-and-conquer strategy by partitioning the variables into
lower-dimensional subsets using prior geographical information.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Yes, our main claim centers on the importance of identifying latent variables
in the decision-making process. We support this claim with both theoretical justification and
practical implementation.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: See the conclusion section.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: Yes, please find the theoretical justification in Section 3 and Appendix B.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions

of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We provide all details in the Appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:
Justification: The code and data will be publicly available after acceptance.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide details of the experiments in the Appendix. For all baselines, we
follow the original hyperparameters in their original papers (unless specified).

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We provide error bars for our main results.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide details on compute resource in Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: This research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss the broader impact in the Appendix.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: There are no safeguards.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Original methods are properly cited, and used environments, simulators and
tool are cited.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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13.

14.

15.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: No new assets.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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857 * For initial submissions, do not include any information that would break anonymity (if

858 applicable), such as the institution conducting the review.

859 16. Declaration of LLM usage

860 Question: Does the paper describe the usage of LLMs if it is an important, original, or
861 non-standard component of the core methods in this research? Note that if the LLM is used
862 only for writing, editing, or formatting purposes and does not impact the core methodology,
863 scientific rigorousness, or originality of the research, declaration is not required.

864 Answer: [NA]

865 Justification: This research does not involve LLMs as any important, original, or non-
866 standard components.

867 Guidelines:

868 * The answer NA means that the core method development in this research does not
869 involve LLMs as any important, original, or non-standard components.

870 ¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
871 for what should or should not be described.
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