
JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 1

Time Series Domain Adaptation via Latent
Invariant Causal Mechanism
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Abstract—Time series domain adaptation aims to transfer the complex temporal dependence from the labeled source domain to the
unlabeled target domain. Recent advances leverage the stable causal mechanism over observed variables to model the domain-invariant
temporal dependence. However, modeling precise causal structures in high-dimensional data, such as videos, remains challenging.
Additionally, direct causal edges may not exist among observed variables (e.g., pixels). These limitations hinder the applicability of
existing approaches to real-world scenarios. To address these challenges, we find that the high-dimension time series data are generated
from the low-dimension latent variables, which motivates us to model the causal mechanisms of the temporal latent process. Based on
this intuition, we propose a latent causal mechanism identification framework that guarantees the uniqueness of the reconstructed
latent causal structures. Specifically, we first identify latent variables by utilizing sufficient changes in historical information. Moreover, by
enforcing the sparsity of the relationships of latent variables, we can achieve identifiable latent causal structures. Built on the theoretical
results, we develop the Latent Causality Alignment (LCA) model that leverages variational inference, which incorporates an intra-
domain latent sparsity constraint for latent structure reconstruction and an inter-domain latent sparsity constraint for domain-invariant
structure reconstruction. Experiment results on eight benchmarks show a general improvement in the domain-adaptive time series
classification and forecasting tasks, highlighting the effectiveness of our method in real-world scenarios. Codes are available at https:
//github.com/DMIRLAB-Group/LCA.

Index Terms—Time Series Data, Latent Causal Mechanism, Domain Adaptation
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1 INTRODUCTION

To overcome the challenges of distribution shift between
the training and the test time series datasets [1], time
series domain adaptation seeks to transfer the temporal
dependence from labeled source data to unlabeled target
data. Mathematically, in the context of time series domain
adaptation, we letX = (x1, · · · ,xτ , · · · ,xt) be multivariate
time series with t timestamps and a channel size of n, where
xτ ∈ Rn and Y is the corresponding label, such that Y
can be a time series or scalar, depending on the forecasting
or classification tasks. By considering u as the domain
label, we further assume that P (X,Y |uS) and P (X,Y |uT )
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are the source and target distributions, respectively. In the
source domain, we can access mS annotated X-Y pairs,
represented as (XS , Y S) = (XS

i , Y
S
i )m

S

i=1. While in the
target domain, only mT unannotated time series data can be
observed, denoted by (XT ) = (XT

i )
mT

i=1. The primary goal
of unsupervised time series domain adaptation is to model
the target joint distribution P (X,Y |uT ) by leveraging the
labeled source and the unlabeled target data.

Several methods have been proposed to address this
problem. Previous works have extended the conventional
assumptions of domain adaptation for static data [2], [3] to
time series data, including covariate shift [4], label shift [5],
and conditional shift [6]. For instance, leveraging the covari-
ate shift assumption, i.e., P (Y |X) is stable, some researchers
[7], [8] employ recursive neural network-based architecture
as feature extractor and adopt adversarial training strategy
to extract domain-invariant information. Others, e.g., Wil-
son et al. [9], utilize adversarial and contrastive learning to
extract the domain-invariant representation for time series
data. Moreover, other researchers assume that the distribu-
tion shift of Y varies across different domains, known as
label shift. Specifically, He et al. [10] tackle the feature shift
and label shift by aligning both temporal and frequency
features. And Hoyez et al. [11] argue that conditional shift
can manifest either as changes in both the input and output
signals, or as changes in the relationships among multiple
time series variables, where P (X|Y ) varies across domains
in time series domain adaptation.

Instead of introducing assumptions from a statistical
perspective, another promising direction is to harness the
invariant temporal dependencies for time series domain
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(a) Temporal Data from the 
Source and Target Domains

Figure 1: A toy domain adaptation example for video data, where the blue arrows denote the estimated causal relationships.
(a) Two three-frame videos, one featuring a walking human and the other a monster, represent the source and target
domains, respectively. (b) Since the skeleton variables are latent confounders and there are no causal relationships among
pixels, the existing methods may learn dense and fault causal relationships among adjacent two frames, failing to extract
the domain-invariant causal mechanism. (c) By identifying the latent variables like the joints in the skeleton, it is convenient
to model the latent invariant causal mechanisms behind observed variables. Hence, we can address the time series domain
adaptation problem in complex real-world scenarios.

adaptation. Specifically, Cai et al. [12] address time series
domain adaptation by aligning sparse associate structures
across different domains. Li et al. [13] further extend this
approach by considering the domain-specific strengths of
the domain-invariant sparse associative structures. Recently,
Wang et al. [14] treat each sensor stream as one dimension of
the time series. They construct sequential graphs to capture
both sensor features and sensor correlations, and then per-
form the local and global levels alignment to reduce the dis-
tribution shift. Building upon this, Wang et al. [15] further
extend the framework by incorporating multi-graph-based
high-order alignment, which explicitly models evolving and
complex distributions across domains. This higher-order
correlation alignment enables more robust adaptation in
challenging scenarios such as Human Activity Recognition
(HAR)1. To further utilize domain-invariant temporal causal
dependencies, Li et al. [16] proposed leveraging stable
causal structures over observed variables, introducing the
concept of causal conditional shift.

Although existing methods [16] demonstrate promis-
ing transfer performance by extracting domain-invariant
causal mechanisms, they are limited in several critical ways.
First, these approaches are primarily designed for low-
dimensional time series (e.g., n ≤ 20) with direct causal
edges among observed variables. Such assumptions are
rarely satisfied in practice, since many real-world datasets,
such as electricity load diagrams, weather measurements,
or video, are inherently high-dimensional. Second, [16] im-
plicitly assumes that no latent confounders exist behind the
observed time series. Moreover, these methods provide no
identification guarantees for the estimated causal structures,
which significantly restricts their applicability. Moreover, in
high-dimensional settings, direct causal relationships may
not exist at the observed level. For example, Figure 1(a)

1. Please refer to Appendix E for more introduction of HAR and how
it is related to time series domain adaptation.

shows a toy three-frame video, where the walking human
and monster represent the source and target domains. As
illustrated in Figure 1(b), methods like [16], which estimate
Granger causal structures over observed variables, tend
to produce dense and spurious connections at the pixel
level even if no ground truth causal relations exist among
individual pixels. Consequently, such methods fail to cap-
ture domain-invariant mechanisms and become ineffective
in addressing time series domain adaptation problems in
realistic high-dimensional scenarios.

To address the aforementioned problems, an intuitive
solution is based on the observation that videos depicting
walking motion from different domains are generated from
a domain-invariant skeleton, as shown in Figure 1 (c). This
insight motivates us to exploit the causal structures over
latent variables for time series domain adaptation. Building
on this intuition, we prove that the latent causal process
can be uniquely reconstructed, i.e., achieving identifiability,
with the aid of nonlinear independent component analysis.

Guided by these theoretical results, we develop a la-
tent causality alignment model (LCA in short). Specifically,
the proposed LCA model employs variational inference
to model the time series data from the source and target
domains, utilizing a flow-based prior estimator. Moreover,
we incorporate a gradient-based sparsity constraint to dis-
cover the Granger causal structures on latent variables.
Furthermore, we harness the latent causality regularization
to restrict the discrepancy of the causal structures from
different domains. Our method is validated on eight time-
series domain adaptation datasets, including video and
high-dimension electricity load diagram datasets. The im-
pressive performance, outperforming state-of-the-art meth-
ods, demonstrates the effectiveness of our approach.

Our contributions can be summarized as follows:
• Breaking out the limitation of causality alignment on

observed variables, we develop a latent causal structure
alignment method for time-series domain adaptation
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from the view of causal representation learning. we are
the first to employ causal representation learning to the
time series domain adaptation.

• Different from previous works that leverage causality
structure for time series domain adaptation, we provide
formal identification guarantees for both the causal
representation and the latent causal structures.

• We propose a general framework for time series domain
adaptation, validated through extensive experiments
on time series classification and forecasting tasks across
eight datasets, which show significant performance im-
provements over state-of-the-art methods.

2 RELATED WORKS

2.1 Unsupervised Domain Adaptation
Unsupervised domain adaptation [3], [6], [17], [18], [19],
[20] aims to transfer the knowledge from the labeled source
domains to an unlabeled target domain. One mainstream
solution is to learn domain-invariant representations [21]. To
achieve it, researchers have adopted different directions to
address this problem. For instance, Long et al. [22] propose
to minimize a similarity measure, i.e., maximum mean
discrepancy (MMD), to guide learning domain-invariant
representations. To learn invariant representations, Tzeng
et al. [23] further used an adaptation layer and a domain
confusion loss. Other researchers assume that the condi-
tional distributions are stable across different domains, and
hence they aim to extract the label-wise domain-invariant
representation [24], [25], [26]. Specifically, Xie et al. [27]
constrained the label-wise domain discrepancy, and Shu et
al. [28] considered that the decision boundaries should not
cross high-density data regions, so they proposed the virtual
adversarial domain adaptation model.

Another solution is to estimate or adapt the target joint
distribution directly. Specifically, Turrisi et al. [29] leverage
the technique of optimal transfer to optimize the Wasser-
stein distance between the estimated joint target distribu-
tion and a weighted sum of the joint source distributions;
Chen et al. [30] leverage the linear projections to match
the source and target joint distributions under L2 distance.
And Courty et al. [31] propose a prediction function and
recover the target joint distribution by minimizing the
optimal transport distance between the source and target
domains. Some researchers also find it convenient to iden-
tify the target joint distribution by harnessing the causal
knowledge. Specifically, by leveraging the independence
between P (Y ) and P (X|Y ), Zhang et al. [2], [6] consider
different types of distribution shifts, such as target shift
[5], [6], [32], [33], conditional shift, and generalized target
shift assumptions. By incorporating these causal priors, the
target joint distribution can be further decomposed into
domain-invariant and domain-variant distributions (e.g., in
target shift, P (X|Y ) and P (Y |U) are domain-invariant and
domain-variant distributions, respectively). As a result, the
problem of identifying the target joint distribution is de-
composed into simpler subproblems. Based on this idea, Cai
et al. [3] extract the disentangled semantic representations,
and Petar et al. [19] further incorporate domain-specific
knowledge for learning domain-invariant representations.
Recently, Kong et al. [17] addressed the multi-source domain

adaptation by identifying the latent variables with sufficient
domains. And Li et al. [34] further relaxed the identifiability
assumptions. In this paper, we identify the target joint
distribution of time series data by identifying the latent
variables.

2.2 Domain Adaptation on Temporal Data
In recent years, domain adaptation for time series data
has garnered significant attention. Previous methods [7]
adopted the backbone networks like recurrent neural net-
works and techniques originally designed for non-time se-
ries data to capture domain-invariant representations. For
example, Purushotham et al. [8] refined this approach by
employing variational recurrent neural networks [35] to
enhance the extraction of domain-invariant features. How-
ever, such methods face challenges in effectively capturing
domain-invariant information due to the intricate depen-
dencies between time points. Other researchers leverage the
domain-invariant relationships among observed variables
for time series domain adaptation. For instance, Cai et al.
[12] proposed the Sparse Associative Structure Alignment
(SASA) method, based on the assumption that sparse as-
sociative structures among variables remain stable across
domains. This method has been successfully applied to
adaptive time series classification and regression tasks. Ad-
ditionally, Jin et al. [36] introduced the Domain Adaptation
Forecaster (DAF), which leverages statistical relationships
from relevant source domains to improve performance in
target domains. Li et al. [16] hypothesized that causal
structures are consistent across domains, leading to the
development of the Granger Causality Alignment (GCA)
approach. However, these methods are limited by low-
dimensional data with direct causal relations. In this paper,
we address the aforementioned challenges by identifying
the latent dynamics behind observed variables.

2.3 Domain Adaptation on Video Data
Our work is also related to domain adaptation on video
data since video sequences provide a natural example of
high-dimensional time series without direct causal relation-
ships among observed variables. This characteristic directly
aligns with our motivation of addressing domain adapta-
tion under such challenging settings. Specifically, Luo et
al. [37] focused on domain-agnostic classification using a
bipartite graph network topology to model cross-domain
correlations. Rather than relying on adversarial learning,
Sahoo et al. [38] developed CoMix, an end-to-end temporal
contrastive learning framework that employs background
mixing and target pseudo-labels. More recently, Chen et al.
[39] introduced multiple domain discriminators for multi-
level temporal attentive features to achieve superior align-
ment, while Costa et al. [40] utilized a dual-headed deep
architecture that combines cross-entropy and contrastive
losses to learn a more robust target classifier. Addition-
ally, Wei et al. [41] employed contrastive and adversarial
learning to disentangle dynamic and static information
in videos, leveraging shared dynamic information across
domains for more accurate prediction. Different from the
aforementioned methods, we consider that the video data is
generated by low-dimensional latent dynamics and address
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the video domain adaptation by leveraging the domain-
invariant causal structure over latent variables.

2.4 Granger Causal Discovery
Several approaches have been developed to infer causal
structures in time series data based on Granger causality
[42], [43], [44], [45], [46], [47], [48]. Early works commonly
employed vector autoregressive (VAR) models [49], [50]
combined with sparsity-inducing regularizers such as Lasso
or Group Lasso [51], [52]. More recent efforts leverage neural
networks to enhance flexibility and scalability. For example,
Tank et al. [42] proposed a neural autoregressive model with
sparsity penalties on the network weights, while Marcinke-
vivcs et al. [45], motivated by the interpretability of self-
explaining neural networks, introduced a generalized VAR
framework for Granger causality. Li et al. [16] treated the
Granger causal structure as a latent variable, and Cheng et
al. [53], [54] designed neural algorithms for causal discovery
from irregular time series. Lin et al. [47] further incorporated
contrastive learning into a neural architecture to improve
Granger causality inference. Despite these advances, most
existing methods focus on Granger causal structures in low-
dimensional observed time series and neglect the influ-
ence of latent variables, limiting their applicability to high-
dimensional data or settings with hidden causal factors.
To overcome this limitation, we propose to identify latent
variables and infer the underlying latent Granger causal
structures in high-dimensional time series.

2.5 Identifiability of Generative Model
To learn causal representation [55], [56], [57] in time series
data, many studies leverage Independent Component Anal-
ysis (ICA) to recover latent variables with identifiability
guarantees [58], [59], [60], [61]. Traditional ICA methods
typically assume a linear mixing function from latent to
observed variables [62], [63], [64], [65]. To move beyond
linearity, researchers have established identifiability in non-
linear ICA under additional assumptions, such as the use of
auxiliary variables or sparsity in the generative process [66],
[67], [68], [69], [70]. Aapo et al. [71] first achieved identifia-
bility by assuming that latent sources follow an exponential
family distribution and by introducing auxiliary variables
such as domain indices, time indices, or class labels. To
further relax the exponential family assumption, Zhang et
al. [17], [72], [73], [74] developed component-wise identifi-
ability results for nonlinear ICA, requiring 2n+1 auxiliary
variables for n latent variables. In parallel, to pursue identi-
fiability in an unsupervised manner, other works exploited
structural sparsity assumptions [66], [75], [76], [77]. More
recently, Zhang et al. [78] established identifiability under
distribution shift by leveraging sparse latent structures, and
Li et al. [79] extended this idea to time series by employing
sparse causal influences with instantaneous dependencies.
Similar to the aforementioned works [79], [80], we achieve
identifiability of latent variables by exploiting the variability
of historical information.

3 PRELIMINARIES
In this section, we first describe the data generation process
from multiple distributions under latent Granger Causality.

Sequentially, we further provide the definition of gener-
alized causal conditional shift as well as identifiability of
latent causal process.

3.1 Data Generation Process from Multiple Distribu-
tions under Latent Granger Causality

To illustrate how we address time series domain adaptation
with latent causality alignment, we first consider the data
generation process under latent Granger causality. Specifi-
cally, we first let X = (x1, · · · ,xτ , · · · ,xt) be multivariate
time series with t time steps. Each xτ ∈ Rm is generated
from latent variables zτ ∈ Rn,m ≫ n via an invertible
nonlinear mixing function g as follows:

xt = g(zt). (1)

Moreover, the i-th dimension of the latent variables zt,i
is generated through the latent causal process, which is
assumed to be influenced by the time-delayed parent vari-
ables Pa(zt,i) and the different domains, simultaneously.
Formally, this relationship can be expressed using a struc-
tural equation model as follows:

zt,i = fi(Pa(zt,i),u, ϵt,i) with ϵt,i ∼ pϵi , (2)

where ϵτ,i denotes the temporally and spatially independent
noise extracted from a distribution pϵi , and u denotes the
domain index that could be either the source (S) or target
(T ) domains. Sequentially, we assume that the label Y is
generated from the latent variables shown as Equation (3)

Y = C(z1, · · · , zt), (3)

where C is the labeling function. Importantly, this labeling
mechanism is assumed to be independent of the domain
index u. In other words, although the latent variables zt are
generated under domain-specific influences (e.g., source or
target domains), the rule that maps latent causal dynamics
to the label remains the same across domains. This assump-
tion is natural in many real-world scenarios. For example,
in time series forecasting, the label Y = (xt+1, · · · ,xt+ρ)
corresponds to the values of the future ρ steps, which
depend on the intrinsic latent causal dynamics rather than
the region from which the data are collected. In time series
classification, Y denotes the discrete class labels, where
the mapping from latent motion patterns (e.g., gait cycles,
arm swings) to activity categories (e.g., walking, running)
is invariant across domains. Under this data generation
process, our goal is to leverage labeled source data and
unlabeled target data to identify the target joint distribution.

3.2 Generalized Causal Conditional Shift Assumption

Inspired by the domain-invariant causal mechanism be-
tween the source and target domains, we generalize the
causal conditional shift assumption [16] from observed vari-
ables to latent variables, which is discussed as follows.

Assumption 1. (Generalized Causal Conditional Shift)
Given the latent variables z1, · · · , zt, zt+1, where zt ∈ Rn, we
let the latent causal structure A ∈ {0, 1}n×n be the latent causal
structure over latent variables. Moreover, we assume that the
conditional distribution P (zt+1|z1, · · · , zt) varies with different
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domains, while the latent causal structures are stable across
different domains. This can be formalized as follows:

P (zt+1|z1, · · · , zt, S) ̸= P (zt+1|z1, · · · , zt, T )
AS = AT ,

(4)

where AS and AT are the causal structures over latent variables
from the source and target domains, respectively.

Implication: Compared with the assumption in [16], our
setting is more general. While [16] assumes that the domain
index u affects only the distribution of observed variables
x with invariant causal relations among them, we instead
assume that u influences the distribution of latent variables
z, which further generate x, while the causal structure
among z remains invariant. This generalization is crucial for
high-dimensional time series (e.g., video frames or sensor
streams), where direct causal edges among observed vari-
ables are rare and causal dependencies are better captured in
the latent space. The implication is that although conditional
distributions of latent variables may vary across domains,
the invariant latent causal structures provide a stable foun-
dation for adaptation. For example, in climate forecasting,
the distribution of future temperatures may differ between
tropical and polar regions due to domain-specific exogenous
factors, yet the causal relations among latent climate drivers
(e.g., greenhouse gases, solar radiation, ocean circulation)
remain stable. Similarly, in human activity recognition, sen-
sor readings may vary across devices or environments, but
the causal relations among latent motion primitives (e.g.,
leg movements driving body displacement) are domain-
invariant. Hence, focusing on latent causal structures en-
ables robust knowledge transfer across domains even when
statistical distributions shift.

3.3 Identifiability of Target Joint Distribution

In this subsection, we discuss how to identify the target
joint distribution. By introducing the latent variables and
combining the data generation process, we can factorize the
target joint distribution as shown in Equation (5).

P (X,Y |uT ) =

∫
Z
P (X|Z)P (Y |Z)P (Z|uT )dZ, (5)

where Z = (z1, · · · , zt) denotes the latent causal process.
According to the aforementioned equation, we can identify
the target joint distribution by modeling the conditional
distribution of observed data given latent variables and
identifying the latent causal process under theoretical guar-
antees. In particular, once the latent processes are uniquely
identified up to permutation and component-wise invertible
transformations (as guaranteed in Lemma 1), there remain
no unobserved confounders among them. Under this set-
ting, the causal relationships among the latent variables are
identifiable (as defined in Definition 1), which is derived
from Proposition 2. Therefore, the identifiability of latent
processes ensures that the latent causal structure and the
target joint distribution can also be recovered.

Definition 1 (Identifiable Latent Causal Process). Let X =
{x1, . . . ,xl} represent a sequence of observed variables generated
according to the true latent causal processes characterized by

(fi, p(ϵi),g), as described in Equations (1) and (2). A learned
generative model (f̂i, p̂(ϵi), ĝ) is said to be observationally
equivalent to (fi, p(ϵi),g) if the distribution pf̂i,p̂(ϵi),ĝ({x}

l
t=1)

produced by the model matches the true data distribution
pfi,p(ϵi),g({x}lt=1) for all possible values of xt. We say that
the latent causal processes are identifiable if such observational
equivalence implies that the generative model can be transformed
into the true generative process by means of a permutation π and
a component-wise invertible transformation T :

pf̂i,p̂ϵi
,ĝ

(
{x}Tt=1

)
= pfi,pϵi

,g

(
{x}Tt=1

)
⇒ ĝ = g◦π◦T . (6)

Upon the identification of the mixing process, the latent
variables will be identified up to a permutation and a
component-wise invertible transformation:

ẑt = ĝ−1(xt) =
(
T −1 ◦ π−1 ◦ g−1

)
(xt) (7)

=
(
T −1 ◦ π−1

)(
g−1(xt)

)
=

(
T −1 ◦ π−1

)
(zt).

4 IDENTIFYING LATENT CAUSAL PROCESS

Based on the definition of the identification of latent causal
processes, we demonstrate how to identify the latent causal
process within the context of a sparse latent process. Specif-
ically, we first utilize the connection between conditional
independence and cross derivatives [81], along with the
sufficient variability of temporal data, to uncover the rela-
tionships between the estimated and true latent variables.
Furthermore, we establish the identifiability of the latent
variables by imposing constraints on sparse causal influ-
ences, as shown in Lemma 1.

We demonstrate that given certain assumptions, the la-
tent variables are also identifiable. To integrate contextual
information for identifying latent variables zt, we consider
latent variables across L consecutive timestamps, including
zt. For simplicity, we analyze the case where the sequence
length is 2 (i.e., L = 2) and the time lag is 1.

Lemma 1. (Identifiability of Temporally Latent Process)
[80] Suppose there exists invertible function ĝ that maps xt to
ẑt, i.e., ẑt = ĝ(xt), such that the components of ẑt are mutually
independent conditional on ẑt−1.Let

vt,k =
(∂2 log p(zt,k|zt−1)

∂zt,k∂zt−1,1
,
∂2 log p(zt,k|zt−1)

∂zt,k∂zt−1,2
, ...,

∂2 log p(zt,k|zt−1)

∂zt,k∂zt−1,n

)T

,

v̊t,k =
(∂3 log p(zt,k|zt−1)

∂z2t,k∂zt−1,1
,
∂3 log p(zt,k|zt−1)

∂z2t,k∂zt−1,2
, ...,

∂3 log p(zt,k|zt−1)

∂z2t,k∂zt−1,n

)T

.

(8)

If for each value of zt,vt,1, v̊t,1,vt,2, v̊t,2, ..., ,vt,n, v̊t,n, as 2n
vector function in zt−1,1, zt−1,2, ..., zt−1,n, are linearly indepen-
dent, then zt must be an invertible, component-wise transforma-
tion of a permuted version of ẑt.

Proof Sketch and implication. The proof can be found
in Appendix A. First, we establish a bijective transformation
between the ground truth zt and the estimated ẑt to connect
them. Sequentially, we leverage the historical information to
construct a full-rank linear system, where the only solution
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of ∂zt,i
∂ẑt,j

· ∂zt,i
∂ẑt,k

is zero. Since the Jacobian of h is invertible,
for each zt,i, there exists a hi such that zt,i = h(ẑt,j), imply-
ing that zt,i is component-wise identifiable. Intuitively, the
validity of the linear independence assumption shown in
Equation (8) means that the historical information zt−1 af-
fects the future variables sufficiently, which can be achieved
when we have sufficient time series data.

For the sake of simplicity, Lemma 1 consider only one
special case with lag=1. Our identifiability results can actu-
ally be extended to arbitrary lags and subsequences easily.
For any given lag=τ . In this case, the vector function vt,k

and v̊t,k should be modified as follows:

vt,k =
(∂2 log p(zt,k|zt−1, · · · , zt−τ )

∂zt,k∂zt−1,1
, · · · ,

∂2 log p(zt,k|zt−1, · · · , zt−τ )

∂zt,k∂zt−1,n
, ...,

∂2 log p(zt,k|zt−1, · · · , zt−τ )

∂zt,k∂zt−τ,1
, · · · ,

∂2 log p(zt,k|zt−1, · · · , zt−τ )

∂zt,k∂zt−τ,n

)T

,

v̊t,k =
(∂3 log p(zt,k|zt−1, · · · , zt−τ )

∂z2t,k∂zt−1,1
, · · · ,

∂3 log p(zt,k|zt−1, · · · , zt−τ )

∂z2t,k∂zt−1,n
, ...,

∂3 log p(zt,k|zt−1, · · · , zt−τ )

∂z2t,k∂zt−τ,1
, · · · ,

∂3 log p(zt,k|zt−1, · · · , zt−τ )

∂z2t,k∂zt−τ,n

)T

.

(9)

Moreover, Granger Causality among zt and zt−1 can be
identified by using a sparsity constraint on the relationships
among latent variables, which is shown in Proposition 2
(also refer to the proof in Appendix B for more details).

Proposition 2. (Identification of Granger Causality among
latent variables) Suppose the estimated transition function fi
accurately models the relationship between zt and zt−1. Let the
ground truth Granger Causal structure be represented as G =
(V,EV ) with the maximum lag of 1, where V and EV denote the
nodes and edges, respectively. If the data are generated according
to Equation (1) and (2), and sparsity is enforced among the latent
variables, then zt−1,j → zt,i /∈ EV if and only if ∂zt,i

∂zt−1,j
= 0.

Implication. This result indicates that by enforcing spar-
sity among latent variables, the underlying Granger causal
structure can be identified. In particular, the zero par-
tial derivative condition ensures that non-causal relations
are pruned, so that only genuine temporal dependencies
remain. This provides a theoretical guarantee that latent
Granger causality can be learned from data through spar-
sity constraints, enabling the recovery of interpretable and
domain-invariant causal structures.

5 LATENT CAUSALITY ALIGNMENT MODEL

Based on the theoretical results, we propose the latent
causality alignment (LCA), shown in Figure 2, for time
series domain adaptation. This figure shows a variational-
inference-based neural architecture to model time series

data, a prior estimation network, and a downstream neural
forecaster for different downstream tasks. Please refer to
Appendix F for more details of model architecture.

5.1 Variational Autoencoder for Static Data
Before introducing the implementation of the proposed LCA
model, we first provide a preliminary introduction to the
variation autoencoder. Suppose we have a data generation
process for static data as shown in Equation (10)

x = g(z), (10)

where x, z, and g denote the observed variables, latent
variables, and mixing procedure, respectively. To model this
data generation process, we begin by modeling the marginal
distribution of observed variables and derive the evidence
lower bound (ELBO) as follows:

lnP (x) = ln
P (x, z)

P (z|x)
= EQ(z|x) ln

P (x, z)Q(z|x)
P (z|x)Q(z|x)

=EQ(z|x)
lnP (x|z)P (z)

Q(z|x)
+DKL(Q(z|x)||P (z|x))

≥EQ(z|x) lnP (x|z)−DKL(Q(z|x)|P (z)),

(11)

where DKL denotes the KL divergence. And we use the
posterior distribution Q(z|x) to approximate the prior dis-
tribution of latent variables P (z). And P (x|z) is parameter-
ized by a decoder which models the likelihood of observed
variables given latent variables.

5.2 Temporally Variational Inference Architecture
Based on the aforementioned variation inference for static
data, we further extend it to the temporal data generation
process shown in Section 3.1. Similarly, we first derive the
ELBO to model the observed data, as follows:

lnP (X,Y ) = lnP (x1:t, Y ) = ln
P (x1:t, Y, z1:t)

P (z1:t|x1:t, Y )

≥EQ(z1:t|x1:t) lnP (x1:t|z1:t)︸ ︷︷ ︸
LR

+EQ(z1:t) lnP (Y |z1:t)︸ ︷︷ ︸
LY

−DKL(Q(z1:t|x1:t)||P (z1:t))︸ ︷︷ ︸
LKL

,

(12)

where Q(z1:t|x1:t) and P (x1:t|z1:t) are used to approximate
the prior distribution of latent variables and reconstruct
the observations, respectively. Technologically, we consider
Q(z1:t|x1:t) and P (x1:t|z1:t) as the encoder and decoder
networks, respectively, which can be formalized as follows:

ẑ1:t = ψ(x1:t) x̂1:t = ϕ(z1:t), (13)

where ψ and ϕ denote the encoder and decoder respectively.

5.3 Prior Estimation Networks
As discussed in the implication of Lemma 1, the latent
variables can be identified by leveraging the properties of
how historical latent variables zt−1 influence the future ones
zt. To further harness this property in implementation, we
need to model the latent dynamics of zt,i = f(Pa(zt,i), ϵt,i).
By further leveraging the property of independent noise,
we follow [82] and model the latent dynamic by estimat-
ing the exogenous noises and further constraining their
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Figure 2: The illustration of the Latent Causality Alignment model. The model is built on the temporal variational inference
framework, which contains an encoder and a decoder, while the prior estimator captures temporal structures via exogenous
noise with KL regularization. Sparsity constraints (LS

S , LT
S ) estimate latent Granger causal structures, and the alignment

loss LA extracts domain-invariant causality. The estimated latent variables are used for different downstream tasks.

independence. Therefore, we propose the prior estimation
networks. Specifically, we first let ri be a set of learned
inverse transition functions that receive the estimated latent
variables with the superscript symbol ˆ as input, and use
it to estimate the noise term ϵ̂i, i.e., ϵ̂t,i = ri(ẑt,i, ẑt−1),
where each ri is implemented by Multi-layer Perceptron
networks (MLPs). Sequentially, we devise a transformation
κ := {ẑt−1, ẑt} → {ẑt−1, ϵ̂t}, whose Jacobian can be for-
malized as Jκ =

( I 0
Jd Je

)
, where Jd(i, j) = ∂ri

∂ẑt−1,j
and

Je=diag
(

∂ri
∂ẑt,i

)
. Hence we have Equation (14) via the change

of variables formula.

log p(ẑt, ẑt−1) = log p(ẑt−1, ϵt) + log | ∂ri
∂zt,i

|. (14)

According to the generation process, the noise term ϵt,i is in-
dependent of zt−1. Therefore, we can impose independence
on the estimated noise term ϵ̂t,i. Consequently, Equation (14)
can be further expressed as:

log p(ẑt | {ẑt−τ}) =
n∑

i=1

log p(ϵ̂t,i) +

n∑
i=1

log

∣∣∣∣ ∂ri∂ẑt,i

∣∣∣∣ . (15)

Assuming a τ -order Markov process, the prior p(ẑ1:T ) can
be expressed as p(ẑ1:τ )

∏T
t=τ+1 p(ẑt | {ẑt−τ}). Hence, the

log-likelihood log p(ẑ1:T ) can be estimated as:

log p(ẑ1:T ) = log p(ẑ1:τ )+

T∑
t=τ+1

(
n∑

i=1

log p(ϵ̂t,i) +

n∑
i=1

log

∣∣∣∣ ∂ri∂ẑt,i

∣∣∣∣
)
.

(16)
Here, we assume that the noise term p(ϵ̂τ,i) and the initial
latent variables p(ẑ1:τ ) follow Gaussian distributions. For

𝑧𝑡−1,1 𝑧𝑡,1

𝑧𝑡−1,2 𝑧𝑡,2

𝜖𝑡,1𝜖𝑡,2

Ƹ𝑧𝑡−1,1 Ƹ𝑧𝑡,1

Ƹ𝑧𝑡−1,2 Ƹ𝑧𝑡,2

Ƹ𝜖𝑡,1𝜖𝑡,2

(a) Ground truth Data
Generation Process

(b) Estimated Data
Generation Process

Figure 3: To describe the relationship between partial deriva-
tives and the existence of edges clearly.

τ = 1, this simplifies to:

log p(ẑ1:T ) = log p(ẑ1) +

T∑
t=2

(
n∑

i=1

log p(ϵ̂t,i) +

n∑
i=1

log

∣∣∣∣ ∂ri∂ẑt,i

∣∣∣∣
)
.

(17)
Similarly, the distribution p(ẑt+1:T | ẑ1:t) can be estimated
using analogous methods. For further details on the deriva-
tion of the prior, please refer to Appendix C.

5.4 Sparsity Constraint for Latent Granger Causality
By using the prior estimation networks to estimate the
independent noise, the latent variables can be identified.
However, without additional constraints, it is difficult to
recover the causal structures among latent variables, as the
expressive power of neural networks may lead to redundant
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edges. To address this issue, Proposition 2 shows that the
true latent Granger causal structure can be identified if
sparsity is enforced among latent variables. Motivated by
this, we incorporate the sparsity constraint on partial deriva-
tives regarding independent noise and latent variables for
the latent Granger Causality, which prunes non-causal de-
pendencies and guides the network to capture the genuine
latent causal relations that are invariant across domains.

To make the intuition clearer, we illustrate with the ex-
ample in Figure 3. In the ground truth process (Figure 3(a)),
zt,1 depends only on zt−1,1 and ϵt,1:

zt,1 = f1(zt−1,1, ϵt,1). (18)

Hence, the partial derivatives satisfy ∂ϵt,1
∂zt−1,1

̸= 0 and
∂ϵt,1

∂zt−1,2
= 0. This indicates that the Jacobian encodes the

presence of the true edge zt−1,1 → zt,1 and the absence of
the edge zt−1,2 → zt,1.

In the estimated process (Figure 3(b)), however, ẑt,1 is
incorrectly modeled as

ẑt,1 = f1(ẑt−1,1, ẑt−1,2, ϵ̂t,1), (19)

which introduces a spurious dependence from ẑt−1,2. As a
result, ∂ϵ̂t,1

∂ẑt−1,2
̸= 0, and the Jacobian of the estimated model

contains a nonzero entry corresponding to this false edge.
To remove such spurious edges, we apply an L1 penalty

on the Jacobian:
LS = ∥J∥1, (20)

which drives unnecessary derivatives toward zero while
retaining the true nonzero ones. This enforces sparsity in the
Jacobian and ensures that the recovered causal graph reflects
only the genuine dependencies among latent variables.

5.5 Latent Causality Alignment Constraint
Since the latent structures are stable across different do-
mains, we need to align the latent structures of the source
domain and the target domain. However, unlike the struc-
tural alignment of the observed variables [16], the align-
ment of latent variables can be a more challenging task
for two main reasons. First, the structure between latent
variables is implicit, and the causal structure cannot be
directly extracted for alignment as in GCA [16]. In addition,
although the partial derivatives regarding estimated noise
and latent variables can reflect the causal structure over
latent variables, directly aligning the gradient can affect the
correct gradient descent direction and result in suboptimal
performance downstream tasks. To overcome these chal-
lenges, we propose the latent causality alignment constraint.

Specifically, we choose a threshold u to determine the
causal relations among the latent variables. For instance, if
J∗
i,j > u, then there is an edge from zt−1,i to zt,j , otherwise,

no edge is present. Formally, we can obtain the estimated
causal relationships of the source or target domains (the
superscript * shows the source or target domains) as follows:

Ĵ∗
i,j =

{
1, if J∗

i,j > u;
0, otherwise. (21)

A direct solution to align the latent causal structures is
to restrict the discrepancy between the latent structures
of source and target domains, following [16]. However,

since these causal structures are represented using gradients
with respect to latent variables, the direct alignment of
the gradients can interfere with the model optimization,
thereby increasing the difficulty of training. To overcome
these issues, we find that it is sufficient to focus on reducing
the differences in J∗ between the source and target domains
while ignoring the identical parts. This approach achieves
causal structure alignment while minimizing the impact on
the gradients. Based on this idea, we first obtain a masking
matrix through an XOR operation. In this matrix, elements
with a value of 0 represent identical structures between the
source and target domains, while elements with a value of
1 represent differing structures. We then constrain only the
differing parts, which are formalized as follows:

M = (JS
d > u)⊕ (JT

d > u)

LA = ||G(JS
d ⊙M)− JT

d ⊙M||1,
(22)

where ⊕ and ⊙ denote the XOR and element-wise product
operations, respectively, and G(·) denotes the gradient-
stopping operation [16], which is used to enforce the target
latent structures closer to the source latent structures.

5.6 Model Summary
By employing the latent causality alignment constraint, the
domain-invariant latent causal mechanisms are preserved.
As mentioned in Section 3.1, the mapping from {z1, · · · , zt}
to Y is not influenced by different domains, so we can di-
rectly use the latent variables for downstream tasks without
considering different domain information2. Specifically, we
leverage a Multi-layer Perceptron network Ĉ to generate
predictions Ŷ shown as follows:

Ŷ = Ĉ(ẑ1, ẑ2, · · · , ẑt), (23)

where Ĉ is optimized by source labeled data with the loss
LY . Sequentially, by combining Equations (12) and (20), we
can achieve the total loss of our method, as follows:

Ltotal = LY + αLR + βLKL + γLS + δLA, (24)

where α, β, γ, and δ are tunable hyper-parameters.

6 EXPERIMENTS
6.1 Domain Adaptation for Time Series Forecasting
6.1.1 Datasets

In this section, we provide an overview of the five real-
world datasets used to evaluate the LCA model. PPG-
DaLiA3 is a publicly available multimodal dataset, used
for PPG-based heart rate estimation. It includes physiolog-
ical and motion data collected from 15 volunteers using
wrist and chest-worn devices during various activities. We
categorize the data into four domains based on activities:
Cycling (C), Sitting (S), Working (W), and Driving (D).
Human Motion4 is a dataset for human motion prediction
and cross-domain adaptation. We select four motion types
as domains: Walking (W), Greeting (G), Eating (E), and

2. Please refer to Section 6.4 for the case that domains influence the
mapping from {z1, · · · , zt} to Y .

3. https://archive.ics.uci.edu/ml/datasets/PPG-DaLiA
4. http://vision.imar.ro/human3.6m/description.php
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Table 1: MAE and MSE of various methods on the PPG-DaLiA dataset, where R-COAT, iTrans, and TMixer are the
abbreviation of RAINCOAT, iTransformer, and TimeMixer, respectively.

Metric Task SASA GCA DAF CLUDA R-COAT AdvSKM iTrans TMixer TSLANet SegRNN Ours

M
SE

C → D 0.7421 0.8260 0.7085 0.8869 0.9117 0.7795 0.6036 0.5901 0.6162 0.6333 0.5797
C → S 0.6279 0.6898 0.5726 0.7851 0.8675 0.6998 0.3433 0.2962 0.3139 0.4259 0.2842
C → W 0.8767 0.9076 0.8565 0.9709 0.9356 0.8846 0.8117 0.8162 0.8226 0.8452 0.7946
D → C 0.9415 0.9858 0.9258 1.0562 1.0134 0.9539 0.8603 0.8476 0.8623 0.8599 0.8294
D → S 0.3643 0.4976 0.3751 0.5719 0.4645 0.4179 0.3121 0.3012 0.3128 0.3668 0.2697
D → W 0.8666 0.9197 0.8542 0.9844 0.9270 0.9055 0.8365 0.8211 0.8335 0.8366 0.7989
S → C 0.9613 0.9568 0.9224 1.0834 1.1211 0.9459 0.8552 0.8360 0.8569 0.8571 0.8212
S → D 0.5708 0.6306 0.5756 0.8250 0.7340 0.6727 0.5855 0.5909 0.6178 0.5936 0.5358
S → W 0.8660 0.9002 0.8439 1.0098 1.0181 0.8852 0.8310 0.8128 0.8358 0.8283 0.7999
W → C 0.9302 0.9786 0.8965 0.9321 0.9396 0.8992 0.8690 0.8340 0.8532 0.8768 0.8171
W → D 0.7634 0.7800 0.6983 0.8647 0.8124 0.7736 0.6010 0.5997 0.6287 0.6408 0.5577
W → S 0.7244 0.6561 0.5982 0.7484 0.8592 0.6459 0.3365 0.3000 0.3238 0.4535 0.2807

M
A

E

C → D 0.5963 0.6565 0.5817 0.7061 0.7147 0.6371 0.5007 0.4836 0.5001 0.5306 0.4678
C → S 0.5139 0.5520 0.4817 0.6354 0.6982 0.5663 0.3300 0.2656 0.3044 0.3956 0.2373
C → W 0.6453 0.6750 0.6350 0.7214 0.6983 0.6658 0.6121 0.6138 0.6124 0.6354 0.5898
D → C 0.6723 0.6927 0.6597 0.7578 0.7384 0.6820 0.6172 0.6128 0.6237 0.6334 0.5942
D → S 0.3620 0.4326 0.3695 0.5130 0.4442 0.4032 0.2782 0.2736 0.2784 0.3465 0.2264
D → W 0.6484 0.6733 0.6372 0.7295 0.6983 0.6780 0.6116 0.6066 0.6182 0.6214 0.5886
S → C 0.6980 0.6787 0.6858 0.7816 0.7972 0.6918 0.6137 0.6060 0.6139 0.6279 0.5920
S → D 0.4814 0.5169 0.4861 0.6663 0.5941 0.5675 0.4750 0.4745 0.4894 0.4873 0.4381
S → W 0.6387 0.6583 0.6319 0.7500 0.7344 0.6760 0.6130 0.6051 0.6116 0.6094 0.5927
W → C 0.6648 0.7078 0.6448 0.6921 0.6900 0.6675 0.6258 0.6134 0.6233 0.6546 0.5911
W → D 0.6060 0.6321 0.5673 0.6922 0.6490 0.6252 0.5032 0.4991 0.5078 0.5391 0.4595
W → S 0.5330 0.5557 0.4813 0.6283 0.6249 0.5328 0.3361 0.2858 0.3171 0.4241 0.2447

Table 2: MAE and MSE for various methods on the Human Motion dataset.

Metric Task SASA GCA DAF CLUDA R-COAT AdvSKM iTrans TMixer TSLANet SegRNN Ours

M
SE

G → E 0.1845 0.2701 0.2210 0.7697 0.4857 0.4330 0.1061 0.0611 0.0845 0.0680 0.0543
G → W 0.1666 0.2499 0.2033 0.6710 0.4078 0.3856 0.1387 0.1363 0.1354 0.1378 0.1066
G → S 0.1405 0.1645 0.1655 0.5964 0.3492 0.3562 0.0630 0.0593 0.0512 0.0599 0.0439
E → G 0.2220 0.2535 0.2460 0.7796 0.5953 0.5227 0.0806 0.0787 0.0930 0.0821 0.0588
E → W 0.2250 0.2353 0.2264 0.6706 0.4090 0.4043 0.2412 0.1414 0.1748 0.1469 0.1199
E → S 0.1173 0.1210 0.1247 0.5465 0.3794 0.3204 0.0568 0.0502 0.0456 0.0493 0.0399

W → G 0.2295 0.2719 0.2754 0.8068 0.6679 0.5823 0.0992 0.0775 0.0840 0.0858 0.0582
W → E 0.2183 0.2616 0.2386 0.8086 0.6266 0.5130 0.1382 0.0741 0.0605 0.0965 0.0566
W → S 0.1455 0.1506 0.1687 0.6043 0.3765 0.3481 0.0705 0.0525 0.0501 0.0712 0.0423
S → G 0.1637 0.1958 0.1790 0.7551 0.5090 0.3823 0.0909 0.0767 0.0728 0.0841 0.0637
S → E 0.1555 0.1716 0.1505 0.7503 0.5252 0.3510 0.0866 0.0567 0.0677 0.0794 0.0564
S → W 0.2012 0.2597 0.2524 0.6825 0.4572 0.4051 0.2182 0.1514 0.1632 0.1419 0.1274

M
A

E

G → E 0.2982 0.3700 0.3307 0.6734 0.5035 0.4933 0.2159 0.1274 0.1656 0.1469 0.1146
G → W 0.2816 0.3479 0.3231 0.6339 0.4431 0.4618 0.2043 0.1910 0.2069 0.1958 0.1595
G → S 0.2517 0.2751 0.2714 0.5885 0.3939 0.4386 0.1450 0.0975 0.1088 0.1278 0.0807
E → G 0.3200 0.3499 0.3502 0.6759 0.5531 0.5384 0.1628 0.1601 0.1890 0.1696 0.1310
E → W 0.3204 0.3345 0.3301 0.6032 0.4569 0.4661 0.3211 0.1879 0.2171 0.2060 0.1658
E → S 0.2383 0.2331 0.2474 0.5641 0.4390 0.4222 0.1280 0.0821 0.0898 0.0950 0.0785

W → G 0.3164 0.3466 0.3612 0.6755 0.5688 0.5534 0.2058 0.1688 0.1798 0.1674 0.1327
W → E 0.3138 0.3566 0.3517 0.7005 0.5800 0.5419 0.2510 0.1606 0.1221 0.1827 0.1191
W → S 0.2505 0.2556 0.2738 0.5988 0.4265 0.4373 0.1517 0.1034 0.0989 0.1534 0.0819
S → G 0.2783 0.3091 0.3004 0.6746 0.5065 0.4577 0.1917 0.1574 0.1521 0.1690 0.1369
S → E 0.2799 0.2971 0.2784 0.6591 0.4972 0.4494 0.1812 0.1163 0.1319 0.1526 0.1152
S → W 0.2946 0.3423 0.3422 0.6153 0.4572 0.4766 0.2833 0.1949 0.2007 0.1885 0.1689

Smoking (S). Electricity Load Diagrams5 is a dataset con-
taining electricity consumption data from 370 substations
in Portugal, recorded from January 2011 to December 2014.
We account for seasonal domain shifts by dividing the data
into four domains based on the months: Domain 1 (January,
February, March), Domain 2 (April, May, June), Domain 3
(July, August, September), and Domain 4 (October, Novem-
ber, December). PEMS6 dataset comprises traffic speed data
collected by the California Transportation Agencies over a
6-month period from January 1st, 2017 to May 31st, 2017.
To account for seasonal domain shifts, we divide the data
into three domains based on months: Domain 1 (January),
Domain 2 (February), and Domain 3 (March). ETT7 dataset

5. https://archive.ics.uci.edu/dataset/321/electricityloaddiagrams20112014
6. https://pems.dot.ca.gov/
7. https://github.com/zhouhaoyi/ETDataset

describes the electric power deployment. We use the ETT-
small subset, which includes data from two stations, treating
each station as a separate domain.

6.1.2 Baselines
Here, we introduce the benchmarks for unsupervised do-
main adaptation in time series forecasting, including SASA
[12], AdvSKM [83], DAF [36], GCA [16], CLUDA [84],
and Raincoat [10]. In addition, we include approaches that
integrate the Gradient Reversal Layer (GRL) with state-of-
the-art time series forecasting techniques such as SegRNN
[85], TSLANet [86], TimeMixer [87], and iTransformer [88],
which are based on RNN, CNN, MLP, and Transformer
architectures, respectively. For all the above methods, we
ensure consistency by employing the same experimental
settings among them.
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Table 3: MAE and MSE of various methods on the ETT dataset.

Metric Task SASA GCA DAF CLUDA R-COAT AdvSKM iTrans TMixer TSLANet SegRNN Ours

MSE 1 → 2 0.2843 0.2820 0.1812 0.4097 0.3930 0.2839 0.1439 0.1306 0.1419 0.1775 0.1023
2 → 1 0.8068 0.8421 0.6438 0.9711 0.8921 0.8352 0.5848 0.6620 0.6790 0.8740 0.4395

MAE 1 → 2 0.3977 0.4188 0.3248 0.5126 0.5083 0.4117 0.2764 0.2585 0.2751 0.3141 0.2195
2 → 1 0.6686 0.6670 0.5925 0.7636 0.6796 0.6609 0.5493 0.5696 0.5693 0.6508 0.4482

Table 4: MAE and MSE of various methods on the PEMS dataset.

Metric Task SASA GCA DAF CLUDA R-COAT AdvSKM iTrans TMixer TSLANet SegRNN Ours

M
SE

1 → 2 0.3249 0.5068 0.4412 0.4223 0.4751 0.4176 0.4134 0.3698 0.3558 0.3312 0.2629
1 → 3 0.3210 0.4788 0.3806 0.4055 0.4220 0.4045 0.3695 0.3342 0.3055 0.2769 0.2244
2 → 1 0.3035 0.4866 0.4356 0.4139 0.4024 0.3975 0.3499 0.3023 0.2886 0.2996 0.2393
2 → 3 0.3100 0.4383 0.3694 0.3832 0.3858 0.3802 0.3682 0.2980 0.2871 0.2681 0.2221
3 → 1 0.3423 0.5112 0.4492 0.4627 0.4553 0.4155 0.4064 0.3377 0.3225 0.2952 0.2372
3 → 2 0.2894 0.4427 0.3820 0.3620 0.4485 0.3572 0.4083 0.3729 0.3657 0.3515 0.2655

M
A

E

1 → 2 0.3237 0.3988 0.3906 0.3585 0.4041 0.3577 0.3415 0.3398 0.3162 0.2944 0.2392
1 → 3 0.3463 0.4209 0.3780 0.3715 0.4044 0.3778 0.3533 0.3393 0.3061 0.2815 0.2327
2 → 1 0.3332 0.4105 0.4025 0.3727 0.3996 0.3630 0.3308 0.3200 0.2961 0.3058 0.2445
2 → 3 0.3385 0.3872 0.3629 0.3532 0.3727 0.3565 0.3472 0.3139 0.3009 0.2848 0.2327
3 → 1 0.3534 0.4326 0.4063 0.3980 0.4238 0.3813 0.3855 0.3311 0.3310 0.2971 0.2425
3 → 2 0.3116 0.3691 0.3496 0.3163 0.3928 0.3164 0.3503 0.3343 0.3245 0.3163 0.2433

6.1.3 Experimental Settings

We consider multivariate time series forecasting across all
datasets, using an input length of 30 and an output length of
10. Each dataset is partitioned into train, validation, and test
sets. For robustness, we run each method three times with
different random seeds and report the average performance.
The model yielding the best validation results is selected,
and its performance is subsequently assessed on the test set.
In all experiments, we employed the ADAM optimizer [89]
and used Mean Squared Error (MSE) as the loss function for
prediction. We report the Mean Squared Error (MSE) and
Mean Absolute Error (MAE) as evaluation metrics.

6.1.4 Quantization Result

We conducted comparative experiments between our
method and baseline models across five datasets, and the
results are presented in Tables 1, 2, 3, 4, and 9 in Appendix
D, respectively. The results show that our method signifi-
cantly outperforms the baseline models across all metrics,
particularly on the Human Motion Dataset, where causal
mechanisms are more pronounced (since the relationships
between human joints represent a natural causal structure).
This further highlights the superiority of our approach.

Additionally, we find that combining state-of-the-art
time series forecasting methods with a gradient reversal
layer to address UDA in time series forecasting also yielded
excellent results. This is clear in the results of iTransformer,
TimeMixer, TSLAnet, and SegRNN specifically, where these
methods leverage the most advanced models in their model
architectures (iTransformer for Transformers, TimeMixer for
MLPs, TSLAnet for CNNs, and SegRNN for RNNs). When
combined with a gradient reversal layer, these methods ef-
fectively capture domain-shared features, enhancing predic-
tion performance. Despite their strong backbones, our ap-
proach still outperforms these baselines. Unlike TimeMixer,
which captures complex macro and micro temporal infor-
mation by decomposing trends and seasonal information
using a carefully designed MLP, our method uses a simpler
MLP learning network, demonstrating our superiority.

Furthermore, existing UDA methods in the time series
domain, such as DAF, CLUDA, Raincoat, and AdvSKM,
exhibited relatively weaker performance, possibly due to
their less optimal backbone models. However, we notice
that SASA and GCA perform better than other time series
UDA methods, such as DAF, CLUDA, Raincoat, and Ad-
vSKM. This can be attributed to their consideration of sparse
correlation structures among observed variables and the
consistency of Granger causality structures, despite having
relatively simple backbones.

Figure 4: The MSE and MAE values after predicting differ-
ent lengths in the transition from domain 1 to domain 2 in
the ETT dataset. Subfigures (a), (b), (c), and (d) show the
forecasting results on lengths of different time steps.

Visualization Result: To demonstrate the robustness of
our method, we performed predictions of varying lengths
on the ETT dataset, specifically from domain 1 to domain 2.
For each input of the 30 time steps, we predicted future
values over 10, 20, 30, and 40 steps. The resulting MSE
and MAE values for these different forecast lengths are
illustrated in Figure 10 in Appendix D. Notably, our method
consistently outperforms most baseline methods that only
predict 10 steps, particularly for longer forecast horizons (20,
30, and 40 steps), highlighting the superior performance of
our approach. Additionally, we visualize the predictions for
the last dimension of the ETT dataset, as shown in Figure
4. The visualization confirms that our method effectively
captures the temporal variations in the data.
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6.2 Domain Adaptation for Time Series Classification

In classification tasks, we validate the proposed method
on the UCIHAR and HHAR datasets, following AdaTime
[90] framework. Furthermore, we validate the performance
of our method on the high-dimensional video classification
datasets like UCF101 and HMDB51.

6.2.1 Datasets

Time Series Datasets: We consider the UCIHAR [91]
dataset, which comprises sensor data from accelerometers,
gyroscopes, and body sensors collected from 30 subjects
performing six activities: walking, walking upstairs, walk-
ing downstairs, standing, sitting, and lying down. Due to
the variability between individuals, each subject is treated
as a separate domain. We also consider the HHAR [92]
dataset, which contains sensor readings from smartphones
and smartwatches, collected from 9 subjects, with each
subject similarly treated as an individual domain.
Video Datasets: We adopted two widely recognized and
frequently used datasets, i.e., UCF101 and HMDB51. The
UCF101 dataset, curated by the University of Central
Florida, consists of videos primarily sourced from YouTube,
capturing a wide variety of daily activities and sports ac-
tions. In contrast, the HMDB51 dataset, collected by the
University of Massachusetts Amherst, includes videos from
movies, public databases, and YouTube, offering a more di-
verse range of real-world action scenes. Both datasets serve
as key benchmarks for evaluating video classification algo-
rithms. For data processing, we followed the approach used
in TranSVAE, extracting relevant and overlapping action
categories from both UCF101 and HMDB51. This resulted
in a combined dataset of 3,209 videos, where UCF101 pro-
vided 1,438 training videos and 571 validation videos, and
HMDB51 contributed 840 training videos and 360 validation
videos. Based on these datasets, we defined two video-based
unsupervised domain adaptation tasks: U → H and H → U.

6.2.2 Baselines

Since the time series classification UDA methods use con-
straints that can be only applied to discrete labels, we
selected several state-of-the-art methods implemented in
the AdaTime framework as baselines for comparison. These
methods include AdvSKM [83], CODATS [93], CoTMix [94],
DANN [95], DDC [23], DeepCoral [96], DIRT [28], MMDA
[97], and SASA [12].

For the video classification task, we conducted a com-
prehensive comparison based on the experimental settings
of the latest TranSVAE approach [41]. Specifically, we in-
cluded five widely-used image-based UDA methods, which
perform domain adaptation by disregarding temporal in-
formation: DANN [95], JAN [22], ADDA [98], AdaBN [99],
and MCD [38]. Additionally, we benchmarked our ap-
proach against the latest state-of-the-art video-based UDA
methods, including TA3N [100], SAVA [101], TCoN [102],
ABG [37], CoMix [38], CO2A [40], and MA2L-TD [39].

6.2.3 Experimental Settings

For each of the time series datasets, we randomly generated
10 transfer directions. Each experiment was run three times

and the average F1-score is reported. We generally followed
the validation methods provided by AdaTime benchmark.

For video classification, we strictly followed the data
processing procedure used in TranSVAE. TranSVAE em-
ploys a pretrained I3D model on the Kinetics dataset as the
backbone to extract features from each video frame, which
are stored and subsequently used as input to the network.
To maintain consistency, we directly downloaded these pre-
computed features from TranSVAE and used them as input
for our method. For the comparison methods, we referred to
the experimental data from the TranSVAE network, where
classification accuracy was recorded. Consistent with the
experimental settings for prediction tasks, we employed
the Adam optimizer. All experiments were implemented in
PyTorch and conducted on a single NVIDIA GTX 3090 GPU
with 24GB of memory.

6.2.4 Quantization and Visual Results
Here, we provide a detailed analysis of our method’s

performance on classification tasks. Tables 5 and 6 present
the performance of our proposed method alongside several
baseline methods on the UCIHAR and HHAR time series
classification datasets. It is worth noting that AdvSKM,
CoDATS, DANN, and DIRT are adversarial-based meth-
ods, while DDC, Deep-CORAL, and MMDA methods align
domains by minimizing a distance metric. On the other
hand, CoTMix utilizes contrastive learning, while SASA
enforces the consistency of sparse correlation structures to
align domains.

The experimental results on the UCIHAR dataset show
that our approach achieves the highest F1-scores across
multiple cross-domain scenarios (e.g., 18 → 14, 6 → 13,
20 → 9), reaching a perfect score of 1 in some of them,
significantly outperforming other comparative models such
as AdvSKM, CoDATS, CoTMix, and DANN. Moreover, our
model demonstrates exceptional stability across all tasks,
further validating its robustness in temporal classification
tasks. On the other temporal classification dataset, HHAR,
our method remains the best-performing approach. For the
cross-domain task 0 → 5, our method achieved an F1-
score of 0.7899, significantly outperforming other compar-
ative models, such as CoDATS (0.5714), MMDA (0.5444),
and CoTMix (0.5064). Additionally, our method consistently
achieves the best results across other tasks, including 3 → 1,
7 → 4, and 5 → 8.

Table 7 presents a comparative analysis of our method
against the baseline on the UCF-HMDB video classification
dataset. We notice that methods utilizing the I3D back-
bone [103] generally outperform those using ResNet-101.
Our method consistently exceeds the performance of all
prior approaches, achieving an average accuracy of 94.28%.
These results highlight the exceptional performance of our
approach even on high-dimensional data.

TranSVAE represents the previous state-of-the-art
method, modeling videos as being generated by both dy-
namic and static latent variables, and has demonstrated
remarkable performance in video unsupervised domain
adaptation (UDA). Similarly, our approach models the data
generation process where videos are a specific instance from
a causal perspective. It assumes that the underlying data
generation mechanisms remain consistent across different



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 12

Table 5: F1-scores of various methods on the UCIHAR time series dataset.

Task AdvSKM CoDATS CoTimix DANN DDC DeepCoral DIRT MMDA SASA Ours

18 → 14 0.9773 0.8988 0.9232 0.7729 0.9804 0.9902 1.0000 0.9869 0.9869 1.0000
6 → 13 0.9864 0.9932 0.9386 0.7064 0.9931 1.0000 1.0000 0.9778 0.9935 1.0000
20 → 9 0.3835 0.5649 0.5527 0.3885 0.3730 0.5871 0.5458 0.5356 0.4860 0.6946
7 → 18 0.7826 0.7813 0.8429 0.4479 0.7604 0.8246 0.8501 0.7723 0.7414 0.9108

19 → 11 0.6765 0.9890 0.9388 0.5348 0.6999 0.9823 0.8651 0.9386 0.8341 0.9963
17 → 18 0.8742 0.8730 0.9011 0.4884 0.8767 0.9507 0.8820 0.9191 0.7520 0.9601
9 → 19 0.4269 0.6956 0.8939 0.6113 0.3869 0.7467 0.8290 0.6182 0.6000 0.9692
2 → 12 0.9633 0.8191 0.8775 0.6701 0.9857 0.9886 0.9859 0.9963 1.0000 1.0000
12 → 3 0.9609 0.9744 0.9904 0.5566 0.9678 0.9968 0.9266 0.9936 0.9936 1.0000

17 → 14 0.8804 0.7389 0.8423 0.4021 0.8435 0.8572 0.7738 0.9062 0.8694 0.9673

Table 6: F1-scores of various methods on the HHAR time series dataset.

Task AdvSKM CoDATS CoTMix DANN DDC DeepCoral DIRT MMDA SASA Ours

3 → 1 0.9077 0.9582 0.9601 0.8925 0.9120 0.9731 0.9727 0.9472 0.9747 0.9802
7 → 4 0.8477 0.9207 0.9391 0.9587 0.8245 0.8990 0.8932 0.9274 0.9216 0.9723
2 → 0 0.7286 0.6855 0.6447 0.7594 0.7390 0.7426 0.7474 0.7835 0.7398 0.8058
5 → 7 0.5064 0.8987 0.9218 0.9186 0.5028 0.8234 0.8540 0.8200 0.8200 0.9378
0 → 5 0.4140 0.5714 0.5064 0.4410 0.4138 0.4365 0.4794 0.5444 0.5055 0.7899
3 → 5 0.8653 0.9701 0.9704 0.9799 0.8828 0.9317 0.9595 0.9750 0.9696 0.9824
0 → 2 0.5332 0.6743 0.7588 0.7083 0.5723 0.6217 0.6673 0.7239 0.6980 0.8028
5 → 8 0.9279 0.9796 0.9739 0.9915 0.8242 0.9818 0.9776 0.9874 0.9868 0.9927
1 → 6 0.6978 0.9047 0.9313 0.9353 0.6160 0.8751 0.9089 0.9144 0.8890 0.9415
7 → 3 0.9155 0.9338 0.9637 0.9547 0.8912 0.9314 0.9379 0.9575 0.9397 0.9688

(a) (b) (c) (d)

Figure 5: Classification Visualization: (a) and (b) show scatter plots of the latent variables and probability vectors,
respectively, after dimensionality reduction using t-SNE for the H→U scenario. (c) and (d) present the corresponding
scatter plots for the U→H scenario. These visualizations illustrate how the model’s latent representations and probability
vectors effectively capture and distinguish between categories.

domains. This causal modeling approach, combined with
advanced deep learning architectures, has also delivered
impressive results, reinforcing the potential of modeling
problems from a causal perspective and leveraging deep
learning networks to fit the data generation process.

Additionally, we visualize the classification results for
both H→U and U→H scenarios. Specifically, we reduced the
dimensionality of the model’s output probability vectors or
latent variable representations using t-SNE and depicted the
results in scatter plots shown in Figure 5. The visualizations
reveal that both the latent variables and probability vectors

effectively distinguish between categories.

6.3 Ablation Study
To rigorously evaluate the contribution of each component
in the proposed loss function, we devised four model vari-
ants, described as follows.
• LCA-LKL: We remove LKL, a critical term in the ELBO.
• LCA-LR: We remove LR, another essential term in the

ELBO.
• LCA-LS : We remove LS , which enforces sparsity in the

causal structure.
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(a) (b) (c) (d)

Figure 6: Sensitivity analysis of the parameters α, β, γ, and δ (from Equation 24) is shown in (a), (b), (c), and (d), respectively.
The x-axis represents parameter values, and the y-axis shows the MSE value.

Table 7: Classification accuracy on the HMDB-UCF video
dataset under ResNet-101 and I3D backbone networks.

Backbone Method U → H H → U Average

ResNet-101

DANN 75.28 76.36 75.82
JAN 74.72 76.69 75.71

AdaBN 72.22 77.41 74.82
MCD 73.89 79.34 76.62
TA3N 78.33 81.79 80.06
ABG 79.17 85.11 82.14

TCoN 87.22 89.14 88.18
MA2L-TD 85 86.59 85.8

I3D

DANN 80.83 88.09 84.46
ADDA 79.17 88.44 83.81
TA3N 81.38 90.54 85.96
SAVA 82.22 91.24 86.73
CoMix 86.66 93.87 90.22
CO2A 87.78 95.79 91.79

TranSVAE 87.78 98.95 93.37

I3D Ours 89.44 99.12 94.28

• LCA-LA: We remove LA, which ensures consistency of
causal structures across different domains.

We conducted the ablation experiments on the high-
dimensional video datasets, HMDB, and UCF. In these
experiments, we systematically set the weight of each corre-
sponding loss term to zero to observe the performance of the
resulting model variants. The results are shown in Figure 7.
Experiment results show that each loss component plays
a crucial role in model performance. Specifically, LKL and
LR are vital elements of the ELBO, and maximizing them
enables the model to accurately learn the joint distribution
of the data. From a theoretical standpoint, LKL ensures
that the learned distribution of the latent variables closely
approximates the true distribution, while LR ensures that
the latent variables capture as much information from the
observed variables as possible. The term LS enforces the
sparsity of relationships between adjacent latent variables, a
requirement rooted in identifiability theory. This constraint
aligns with real-world scenarios, where causal relationships
are typically sparse, and it helps prevent the model from

(a)

(b)

Figure 7: Ablation Results Visualization: (a) presents the
results for the H→U scenario, while (b) shows the results
for the U→H scenario. These visualizations illustrate the
impact of different components on the performance of our
model across the two scenarios.

learning redundant associations. Lastly, LA aligns the causal
mechanisms in the target domain with those in the source
domain. The substantial improvement in performance ob-
served in the experiments validates the importance of en-
forcing consistency in causal mechanisms across domains,
thereby further affirming the soundness of our approach.

6.4 Results on Semi-supervised Domain Adaptation

According to the introduction of the data generation pro-
cess in Section 3.1, the mapping from latent variables zt
to labeled is not influenced by different domains, so that
we can use the target latent variables to generate target
labels. However, suppose different domains influence the
aforementioned, it is hard to achieve an ideal adaptation
performance since the mapping (z1, · · · , zt),uT → Y is
hard to estimate without extra target labeled data.
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Table 8: Semi-supervised results on the PPG-DaLiA dataset.

Metric Task SASA GCA DAF CLUDA R-COAT AdvSKM iTrans TMixer TSLANet SegRNN Ours

MSE

C → D 0.6463 0.6436 0.6673 0.7121 0.7102 0.6273 0.6284 0.6181 0.6290 0.6282 0.5418
C → S 0.3087 0.3001 0.3054 0.6589 0.6308 0.5896 0.3613 0.2975 0.3135 0.4233 0.2680
C → W 0.8392 0.8332 0.8193 0.8740 0.8770 0.8171 0.8677 0.8234 0.8436 0.8329 0.7667
D → C 0.8335 0.8974 0.8955 0.9003 0.8921 0.8638 0.8983 0.8357 0.8771 0.8492 0.8200
D → S 0.2933 0.2982 0.3120 0.4863 0.4470 0.3882 0.3955 0.2983 0.3080 0.3037 0.2532
D → W 0.8195 0.8651 0.8216 0.8870 0.8559 0.8256 0.8831 0.8242 0.8453 0.8338 0.7431
S → C 0.8723 0.9006 0.8815 0.9084 0.9103 0.8642 0.8916 0.8362 0.8649 0.8448 0.8174
S → D 0.6655 0.6098 0.6336 0.6332 0.6519 0.5552 0.6285 0.6212 0.6245 0.6245 0.5300
S → W 0.8427 0.8578 0.8193 0.8555 0.9146 0.8172 0.8709 0.8242 0.8451 0.6406 0.7686
W → C 0.8326 0.8564 0.8810 0.8749 0.8564 0.8533 0.8938 0.8349 0.8698 0.8519 0.8148
W → D 0.6362 0.6350 0.6587 0.7279 0.7055 0.6220 0.6398 0.6187 0.6272 0.6351 0.5461
W → S 0.2951 0.2923 0.3071 0.5959 0.7142 0.5188 0.3797 0.2975 0.3120 0.3374 0.2737

MAE

C → D 0.4987 0.4971 0.5038 0.5928 0.5762 0.5326 0.5002 0.4812 0.4921 0.5147 0.4463
C → S 0.2391 0.2336 0.2349 0.5342 0.5209 0.4960 0.3161 0.2401 0.2773 0.3729 0.2266
C → W 0.6049 0.6057 0.6001 0.6589 0.6574 0.6164 0.6222 0.6020 0.6089 0.6045 0.5750
D → C 0.5911 0.6172 0.6137 0.6678 0.6612 0.6420 0.6371 0.5984 0.6215 0.5985 0.5901
D → S 0.2289 0.2296 0.2364 0.4385 0.4030 0.3622 0.3218 0.2471 0.2493 0.2333 0.2118
D → W 0.5974 0.6155 0.6003 0.6686 0.6452 0.6207 0.6385 0.6028 0.6093 0.6039 0.5596
S → C 0.6104 0.6172 0.6089 0.6790 0.6820 0.6490 0.6271 0.5989 0.6091 0.5969 0.5886
S → D 0.5059 0.4725 0.4902 0.5446 0.5388 0.4824 0.4981 0.4866 0.4884 0.4830 0.4368
S → W 0.6072 0.6141 0.6000 0.6547 0.6720 0.6281 0.6233 0.6038 0.6109 0.5148 0.5729
W → C 0.5904 0.6022 0.6094 0.6497 0.6370 0.6257 0.6288 0.5969 0.6125 0.6001 0.5889
W → D 0.4918 0.4938 0.5001 0.6042 0.5799 0.5271 0.5083 0.4844 0.4890 0.5089 0.4486
W → S 0.2305 0.2301 0.2345 0.5025 0.4829 0.4434 0.3353 0.2440 0.2655 0.2418 0.2284

To solve this problem, we allow a few labeled samples
from the target domain and further evaluate the perfor-
mance of the proposed method under the setting of semi-
supervised domain adaptation. Specifically, since the map-
ping from zt to Y are influenced by u, we follow [16]
and employ the trainable parameters to encode the domain-
specific information, which can be formalized as follows:

Ŷ = Ĉ(ẑ1, ẑ2, · · · , ẑt,u), (25)

which is optimized by labeled source and target data.
Based on this modification, we evaluate our method on

PPG-DaLiA datasets in the semi-supervised domain adap-
tation setting. Experiment results are shown in 8. We can
find that our method can still achieve the best performance
in the semi-supervised setting.

6.5 Sensitivity Analysis
We performed a sensitivity analysis on the parameters α, β,
γ, and δ in the loss function (Equation 24), focusing on the
transfer directions from G to W and W to G in the Human
Motion dataset. We set several values for each parameter,
ranging from 10 to 0.001 and decreasing by a factor of 10
each time. The experimental results are shown in Figure
6. Notably, as the parameters decrease, the MSE exhibits
a trend of initially decreasing and then increasing, which
matches our expectations: when the parameters are large,
the constraints on the corresponding modules are strongest,
causing the model to over-focus on certain areas and lead-
ing to a decline in performance. Conversely, when these
parameters are small, the corresponding modules receive
insufficient attention, resulting in suboptimal performance.

6.6 Model Performance on Different Time Lags
To investigate the impact of time lag on model performance,
we extended our framework to larger lag settings and con-
ducted experiments with lag=2 and lag=3 across multiple

transfer directions on the ETT, Human Motion, and PPG-
DaLiA datasets. The results are summarized in Figure 8.

According to the experiment results, we observe a con-
sistent trend: as the lag increases from 1 to 2, the perfor-
mance improves significantly in terms of both MSE and
MAE. This indicates that incorporating additional histori-
cal information helps the model capture more informative
temporal dependencies. When the lag further increases to
3, the improvements become smaller and the performance
tends to stabilize. This suggests that the model has already
exploited sufficient past information by lag 3, and longer
histories provide diminishing returns.

6.7 Model Efficiency
To validate the usability of our approach, we further provide
the model computational implication comparison from the
perspectives of training time, MSE and accuracy perfor-
mance, and memory footprint, which are shown in Figure 9.
Compared with other approaches for time series domain
adaptation, the proposed LCA model achieves a signifi-
cantly higher performance while maintaining competitive
training time. Although our method requires more GPU
memory than methods such as TA3N and GCA, it substan-
tially outperforms them in terms of overall performance.

7 CONCLUSION

In this paper, we propose a Latent Causality Alignment
(LCA) model for time series domain adaptation. By iden-
tifying low-dimensional latent variables and reconstruct-
ing their causal structures with sparsity constraints, we
effectively transfer domain knowledge through aligning the
causal relationships among latent variables across domains.
The proposed method not only addresses the challenges
of modeling latent causal mechanisms in high-dimensional
time series data but also guarantees the uniqueness of la-
tent causal structures, providing improved performance on
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Figure 8: Performance comparison with different lag settings (lag=1,2,3) across different datasets. Results are reported on
(a) ETT with transfer directions 1 → 2, (b) PEMS with transfer directions 1 → 3, (c) Human Motion (Walking) with transfer
direction Smoking →Walking, and (d) PPG-DaLiA (Sitting) with transfer direction Walking → Sitting.
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Figure 9: Model efficiency comparison of different methods on the datasets HMDB-UCF and ETT. Training time and
memory footprint are recorded with the same batch size.

domain-adaptive time series classification and forecasting
tasks. However, our method assumes sufficient changes
in historical information for latent variable identification.
Exploring how to relax this assumption and extend our
framework to more complex scenarios would be a promis-
ing direction for future work.
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