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ABSTRACT

Most existing multivariate time series forecasting methods adopt an all-to-all
paradigm that feeds all variable histories into a unified model to predict their future
values without distinguishing their individual roles. However, this undifferentiated
paradigm makes it difficult to identify variable-specific causal influences and often
entangles causally relevant information with spurious correlations. To address this
limitation, we propose an all-to-one forecasting paradigm that predicts each target
variable separately. Specifically, we first construct a Structural Causal Model from
observational data and then, for each target variable, we partition the historical
sequence into four sub-segments according to the inferred causal structure: en-
dogenous, direct causal, collider causal, and spurious correlation. The prediction
relies solely on the first three causally relevant sub-segments, while the spurious
correlation sub-segment is excluded. Furthermore, we propose Causal Informed
Transformer (CAIFormer), a novel forecasting model comprising three components:
Endogenous Sub-segment Prediction Block, Direct Causal Sub-segment Prediction
Block, and Collider Causal Sub-segment Prediction Block, which process the
endogenous, direct causal, and collider causal sub-segments, respectively. Their
outputs are then combined to produce the final prediction. Extensive experiments
on multiple benchmark datasets demonstrate the effectiveness of the CAIFormer.

1 INTRODUCTION

Multivariate Time Series Forecasting (MTSF) is a fundamental problem in various fields, including
energy consumption (Bilal et al., 2022), economic planning (Hidalgo, 2009), weather prediction
(Duchon & Halel |2012)), and traffic forecasting (Li et al.l [2015). The goal of MTSF is to predict
the future values of multiple interrelated variables based on their historical observations (Box et al.|
2015). Unlike univariate time series forecasting, MTSF must capture not only individual temporal
patterns but also the interactions among multiple interdependent variables. This makes it crucial to
identify which variables influence the target and how. Failing to distinguish relevant from irrelevant
inter-variable dependencies properly could either result in information loss or introduce spurious
correlations that degrade forecasting performance.

Based on the above statement, an MTSF method should be capable of capturing the intrinsic temporal
patterns of each variable, correctly identifying how other variables causally influence the target,
and eliminating spurious correlations that obscure true dependence. However, most existing MTSF
methods overlook this structural heterogeneity, including Transformer-based models (Wen et al.,|2023;
Tang & Zhang|, [2023). These models typically take all variables’ histories without differentiation,
and train a single shared model to jointly forecast all targets in one forward pass (Liu et al., 2025;
2022). This design, whether channel-independent (Nie et al., [2023) or channel-mixed (Liu et al.,
2024), makes no distinction in contribution among variables, ignoring the distinct causal roles
they may play with respect to the target. Although this all-to-all design is easy to implement, it
overlooks an important observation: when focusing on forecasting a specific target variable, the
history segments of different variables often play very different roles. For instance, in weather
forecasting, temperature and humidity are influenced by wind direction, yet they have no direct causal
relationship. Meanwhile, temperature and atmospheric pressure jointly affect precipitation, forming
a collider structure: temperature — precipitation < pressure (Wilks| 2011). When forecasting
temperature, different variables influence in distinct ways: (i) temperature’s own past provides
an autoregressive signal; (ii) wind direction exerts a direct causal influence by determining the
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inflow of warm or cold air; (iii) through the collider structure, precipitation activates conditional
dependence between temperature and pressure; and (iv) humidity appears correlated with temperature
only through their shared cause wind direction, but becomes independent once wind direction is
conditioned on. Feeding all of these histories indiscriminately into an all-to-all model conflates true
causal drivers with spurious signals, leading to noisy attention weights, entangled parameter learning,
and ultimately degraded forecasting performance.

To address the above challenges, we propose a novel all-to-one MTSF strategy that predicts the
future trajectory of each target variable individually. This design enables capturing the heterogeneous
influences of different historical segments on the target’s future. This naturally raises the question:
how should the historical window be decomposed for each target variable? As discussed in Section 3]
motivated by the structural properties of causal graphs and the d-separation criterion in structural
causal models (SCMs), we partition the complete historical window for each target variable into
four sub-segments: 1) Endogenous Sub-segment (ES): the target variable’s own history; 2) Direct
Causal Sub-segment (DCS): histories of other variables that exhibit a direct influence on the target;
3) Collider Causal Sub-segment (CCS): histories that, along with the target, participate in collider
patterns such as V; — V, « V,; 4) Spurious Correlation Sub-segment (SCS): histories that become
independent of the target once all other sub-segments are conditioned on.

Based on the above decomposition, we learn the conditional distribution P(target variable future |
sub-segment history) for sub-segments 1)- 3), while discarding sub-segment 4) to avoid spurious
correlations. We thus propose the Causal Informed Transformer (CAIFormer), comprising three
blocks: Endogenous Sub-segment Prediction Block (ESPB), Direct Causal Sub-segment Prediction
Block (DCSPB), and Collider Causal Sub-segment Prediction Block (CCSPB). ESPB applies an
attention mechanism to capture both local and global temporal dependencies on ES. DCSPB applies
a masked attention mechanism to attend exclusively to DCS, capturing the influence of direct causal
variables. CCSPB first computes a preliminary prediction using masked attention over CCS and
then projects it onto the kernel space (Section [3.5) to enforce the collider constraint and improve
generalization. Finally, we combine the three blocks’ outputs via an output projection layer that
adaptively weights their contributions to produce the final forecast.

Our contributions: 1) We propose an all-to-one forecasting paradigm for MTSF, in which each
target variable’s future is predicted individually. For each target, we partition its complete history into
four sub-segments: ES, DCS, CCS, and SCS; 2) We propose CAlFormer, a novel forecasting method
that separately captures the roles of different categories of variables via ESPB, DCSPB, and CCSPB,
and combines their predictions to achieve accurate and interpretable MTSF; 3) Extensive experiments
and ablation studies on multiple benchmark datasets demonstrate that CAIFormer achieves superior
predictive accuracy, robustness, and interpretability compared to existing methods.

2 RELATED WORKS

2.1 MULTIVARIATE TIME SERIES FORECASTING (MTSF)

With the development of deep learning (LeCun et al., 2015)), numerous models have been proposed
for MTSF (Hu & Xiaol [2022;|Wen et al.,[2023} |Box et al., 2015 |Lim & Zohren, |2021)), including
CNN-based (Zhan et al., 2023} |Bai et al.| 2018), RNN-based (Hewamalage et al., 2021} [Tang et al.,
2021), MLP-based (Zhang et al.,2024b)), and Transformer-based (Zhang et al., 2024a) architectures.
These approaches are all based on all-to-all strategy and can be broadly categorized based on their
modeling focus into three groups: temporal-domain, frequency-domain, and variable-domain methods.
Temporal domain methods, such as PatchTST (Nie et al., [2023) and TimesNet (Wu et al., [2023)),
focus on intra-variable dependencies by modeling patch-wise or point-wise relations. Frequency
domain methods, such as FEDFormer (Zhou et al.,[2022)) and FreDF (Zhang et al.,[20244), transform
sequences into the Fourier domain to capture frequency-specific dynamics. Variable domain methods,
such as iTransformer (Liu et al.,2024)), model inter-variable dependencies via attention mechanisms,
and TimeXer (Wang et al., 2024) proposes to treat variables’ endogenous and exogenous signals
differently. A more detailed discussion of these approaches, particularly from the perspective of
variable modeling and causal inference, is provided in Appendix ??. This paper proposes a MTSF
method that can explore the causal relationships between the future of the target variable and different
sub-segments of the input history.
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2.2 MODELING VARIABLE RELATIONSHIPS IN MTSF

The complex causal dependencies among variables in multivariate time series data pose significant
challenges for modeling. Existing approaches exhibit primary modeling paradigms: Temporal-based

methods (e.g., TimesNet 2023)) and PatchTST (Nie et al.| [2023))) focus on intra-variable

temporal patterns by analyzing relationships between time points or segments; Frequency-based
methods (e.g., FreTS [2023)) and FEDformer (Zhou et al] [2022))) decompose temporal
patterns through spectral transformations, but remain limited to single-variable analysis; Variable-
based methods (e.g., iTransformer [2024)) attempt to capture cross-variable interactions
through attention mechanisms. Similarly, TimePro (Ma et al] 2025)) introduces a multi-lag approach,
incorporating both time- and variable-aware hyper-state embeddings to capture complex, dynamic
inter-variable dependencies. However, these methods often perform unconstrained pairwise computa-
tions which may conflate causal relationships with spurious correlations, lacking explicit mechanisms
to distinguish different types of inter-variable dependencies. The limitations of these approaches
reveal a gap: current methods either oversimplify cross-variable correlation or naively aggregate all
potential interactions without causal discrimination. Therefore, effectively modeling inter-variable
relationships in MTSF remains an open research problem.

2.3 CAUSAL DISCOVERY FOR MTSF

Causal discovery provides a systematic framework for identifying genuine cause-effect relationships
from observational data (Glymour et al} 2016} [Pearl, 2009}, [Gong et al.| 2023)) through directed
acyclic graphs (DAG) (Cauritzen & Wermuth| [1989). The development of causal discovery methods
has evolved through several stages: Constraint-based approaches (e.g., Inductive Causation algorithm
(Verma & Pearl| [T990) and the Peter-Clark algorithm (Spirtes & Glymour} [T991)) rely on conditional
independence tests to reconstruct DAG. However, they suffer from high computational costs and
struggle with hidden confounders. Later methods improved computational (Spirtes et al 2001
efficiency and enhanced confounder modeling (Spirtes| [2001)). In time series settings, causal discovery
faces additional challenges. For instance, tsFCI (Entner & Hoyer, [20104) extends FCI to accommodate
time-lagged dependencies, while Granger causality (Granger} [1969) infers temporal precedence based
on predictive accuracy tests. Recent studies have attempted to integrate causal discovery with MTSF,
primarily through two paradigms: 1) Causal Markov Models: These methods use causal inference as
a preprocessing step to remove spurious correlations [2021)), and 2) Proxy Variable Methods:
These approaches leverage latent variable recovery techniques to infer hidden causal structures
[2023). CausalFormer [2025) further introduces a Transformer variant that jointly
learns temporal dependencies and a Granger-causal graph to guide multivariate forecasting. Causal-
TSF instead tackles hidden confounding bias by estimating latent confounders
and applying causal interventions during forecasting. However, these methods typically treat causal
discovery as either a preprocessing step, a regularizer, or a confounder correction mechanism, rather
than integrating it directly into the model’s parametrization. As a result, they fail to dynamically
incorporate causal information during the forecasting process. Unlike existing methods, our approach
incorporates DAG as architectural constraints, enforcing causal dependencies during model training.
This ensures that the forecasting mechanism aligns with underlying causal structures, eliminating
spurious correlations while enhancing model interpretability.

3 CAUSAL ANALYSIS AND MOTIVATION

In this section, we first present some notations. Then, we explain from a causal analysis perspective
why it is essential to separate the influence of different historical segments on the target variable. At
last, we convert these causal analyses into concrete modeling guidelines for our MTSF framework.

3.1 NOTATION AND PROBLEM DEFINITION

Let X =[xy, -, 27] € R™™P be a historical sequence with 7" time steps and D variables. At each
timestamp ¢ € {1, ---, T}, the state of X is represented as z; = [V, -+, V)] € R”, where Vi eR
is the observed value of the variable V; at time step ¢t. Let Y = [x7,q, -+, Z745] € R be the
future sequence with S time steps. Given a training dataset Dy, = {(X°, Y")}X,, where K is the
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number of training samples, X' represents the i-th historical sequence, and Y is its correspondin
future sequence. The learning process of MTSF can be formalized as finding an optimal predictor f
within a hypothesis space F, such that f*(X) = Y. Specifically, the forecasting model is learned by
solving the following empirical risk minimization problem:

* 1 i i
f =arg§ré1;1?2j;£(y (X)), 1)

where £(-) denotes the loss function, e.g., the MSE loss. As shown in Equation , the learning
process of f* doesn’t constrain correlations among variables in the input.

In Section (1] we identified a potential limitation in existing MTSF methods: when analyzing
model predictions from the perspective of a specific target variable, all-to-all based strategies may
inadvertently encode spurious correlations between variables. This can lead to inaccurate forecasting
and significantly degrade the model’s generalization ability. This issue is further substantiated by the
empirical analysis presented in Section [3.3] To address this challenge, the key lies in understanding
how each variable’s historical values contribute to target variable future evolution. We propose
a segmentation strategy based on semantic consistency: the historical sequences of variables that
influence the target variable through similar causal mechanisms are grouped into the same sub-
segment, while segments with distinct mechanisms are separated. In following section, we elaborate
on the rationale and theoretical foundations behind this segmentation approach.

3.2 WHY DIVIDE HISTORY INTO ENDOGENOUS AND EXOGENOUS COMPONENTS?

For any target variable in MTSEF, its own history can be regarded as a discrete sampling of an
underlying dynamical system (Takens, |1981), encoding all the information needed to describe the
variable’s intrinsic evolution (Wang et al.|[2024)). What we really want to uncover is how the history of
other variables influences that evolution. If we do not explicitly separate the endogenous sub-segment
from the exogenous sub-segment, any apparent improvement in prediction will be confounded by the
history of the target variable itself. We will observe that the target changes, but cannot determine
whether that change is driven by external histories or merely by its own history. Clear causal
attribution therefore, demands an explicit distinction between endogenous and exogenous historical
sub-segments.

3.3 WHY FURTHER SUBDIVIDE THE EXOGENOUS SEGMENT?

Having explicitly distinguished the endogenous and exogenous sub-segments, we next examine the
causal structure of the exogenous sub-segment. According to (Pearl, [2009b)), causal relationships
between variables can be classified as either direct or indirect. From the SCM perspective, a direct
causal relationship indicates an immediate connection between two variables, whereas an indirect
causal relationship involves one or more intermediate nodes. As noted in Appendix [C} two variables
that are indirectly connected may become independent once we condition on intermediate variables.
If we indiscriminately use all variables’ histories to predict the target, variables with no causal
relevance can nonetheless appear informative in the learned predictor, creating apparent associations
with the target that do not reflect genuine causal influence, that is, spurious correlation. Therefore, the
exogenous sub-segment should be further divided into causally relevant sub-segment and spurious
correlation sub-segment.

To empirically validate the necessity of further subdividing the exogenous sub-segment, we conducted
experiments on ETThl, ETTm1, and Exchange-rate datasets. We employed Granger causality
analysis, a common statistical test in time series analysis, to examine inter-variable predictive
relationships. Specifically, if past values of one variable improve the forecasting accuracy of target
variable, indicating a Granger-causal relationship, we classify its historical observations into the
causally relevant sub-segment. Otherwise, it is assigned to the spurious correlation sub-segment
because modeling its history introduces spurious correlations without improving predictive accuracy.
Granger causality analysis outputs a P-value indicating statistical significance. To better visualize
these influences, we apply a — log( P) transformation and present the results as a heatmap in Figure
In the heatmap, the cell at row m and column n represents causal influence from the m-th
variable to the n-th variable, with darker colors corresponding to stronger influences. Diagonal
elements are filled with a uniform color to exclude self-influence. As shown in Figure|l|left, some
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Figure 1: (a)-(c) Visualization of Granger causality across variables in ETTh1, ETTm]1, and Exchange
datasets. Each heatmap shows the transformed causal strength matrix using — log(P) values, where
a darker color indicates a stronger causal influence from the row variable to the column variable.
Diagonal entries are masked. (d) Representative partial SCM commonly encountered in MTSF. White
nodes represent the target variable V;, red and green nodes represent causally related variables and
spurious correlated variables separately.

variables exhibit strong causal impacts on others, while many pairs display negligible or no causal
effect. This observation underscores the necessity of clearly identifying genuine causal relationships
to avoid spurious correlations, thereby improving predictive performance.

3.4 HOW SHOULD THE EXOGENOUS SEGMENT BE FURTHER SUBDIVIDED?

To precisely distinguish genuine causal relationships from spurious ones, we systematically analyze
all relevant causal pathways connected to the target variable V; and construct a local SCM centered
around it. Based on the causal analysis in Appendix [C] the relationship between a non-target variable
and the target V; in Fig.1d can be treat separately:

First, V; can be an ancestor of V;, including the direct-parent case and more general upstream
structures such as chains and forks (e.g., Vo = Vi = V,or V5, « V; — V;, corresponding
to Paths (a)—(c)). In all these cases, V) lies on a directed path into V;, and conditioning on all
remaining variables Z = {V;,...,V;_1,Vis1,..., Vp} leaves V| dependent on V;, while any other
V; € Z \ {V1} becomes conditionally independent of V.

Second, V; can be a descendant of V;, including direct children and any downstream chain (corre-
sponding to Paths (d)—(e)). This situation is symmetric: V; lies on a directed path out of V;, and after
conditioning on Z, only V; remains conditionally dependent on V;, whereas all other V; € Z \ {V;}
are independent of V.

Finally, V; can act as a collider on a path from V; to another variable V5 (Path (f)), e.g., V; = V| «
V5 — «++ = Vp. In this case, conditioning on Z makes both V; and its spouse V5 dependent on V;,
while any V; € Z \ {V;, V,} is conditionally independent of V;. Formal proofs of the conditional
independencies asserted for each path are provided in Appendix

Without loss of generality, consider any SCM defined over a set of variables {Vy, -+, Vp}. For
any target variable V; and the local SCM relevant to V; can be represented by the combination of
elements in {Path a, ---, Path f}. Then, we can identify a subset of variables that are conditionally
dependent on the V; and eliminate other independent variables. Specifically, the simplified SCM
includes: 1) Direct Parents: Variables that have a direct causal influence on V;, denoted as V), — V;;
2) Direct Children: Variables that are directly influenced by V;, denoted as V; — V}, and each V},
is not a collider; 3) Collider Structures: Variables that form collider structure involving V;, e.g.,
V; = V. « V,, where V, is the collider and V denotes the spouse variables.

Ultimately, for each variable, we partition the exogenous segment into three sub-segments: 1)
Direct Causal Sub-segment (DCS): including all variables that are direct parents or direct children
of the target variable, representing direct causal affect on target variable; 2) Collider Causal Sub-
segment (CCS): consisting of variables that, together with the target, form collider patterns such
as V; —» V. « V,, where V, is the collider node; 3) Spurious Correlation Sub-segment (SCS):
comprising every remaining variable that is not part of the direct parent, direct child, or collider
structures; these variables do not reflect genuine causality with the target variable. In the next section,
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we further elaborate on why causal relationships should be distinguished specifically between DCS
and CCS to enhance predictive generalization.

3.5 WHY ARE CAUSAL RELATIONSHIPS DIVIDED INTO DCS AND CCS?

While both DCS and CCS are causally relevant to the target, we treat CCS as a separate component
because its collider-induced dependencies behave differently in prediction: they do not directly affect
the target, but can affect generalization if not properly constrained. As we show below, isolating CCS
enables us to enforce a conditional independence constraint that reduces the generalization gap.

Consider any variable pair (V. ;, V; ;) that constitutes a collider structure V; — V.. ; « V; ; within
the set {V ;, Vs ; }}n:l, where m denotes the number of colliders. Both V. ; and V ; consist of only
one variable. Then, the optimal predictor f{p under MSE loss for the future values of V; is defined as:

: S B : : S : :
TS o vt vy = BT T v 2)

Vi

For notational simplicity, we henceforth denote the history VCO:T and VO: simply as V. ; and V ;

respectively, and V;''" s simply as V;. Thus, we have: pr(V(ij, OT) = fip(VejuVij) =

E[V;|V,,;, V;,;]. Collider structure implies the independence relationship V; 1L V; ;, we can obtain:

E[ fip(Vej, Vo i) Ve ;1 = EIE[V; |V, 5, Vi ;1IVe ;1 = E[Vi| Vi ;] = E[Vi], ?3)

where the second equality follows from the tower property (Pearl & Pazl 2022). Let Sy =
{V;:la”' cm} andSV - {‘/817"' sm} Since each Pathv‘ - ‘/CJ ‘/sg’.] =1m,
forms a separate collider structure and these structures do not intersect, the corresponding indepen-
dence relations hold. V; 1L Sy, means every V ; € Sy, is V; L V; ;,and V; £ Sy | Sy, means
condition on Sy, YV ; € Sy, exists V; & V;; | Sy.. For all variable pairs in {V.;, Vs ;}71,
Equation (3] equals to:

E[fip(Sv,, 1= B Ve, Vot Vens Vo) Vit Vim ]
= E[E[‘/il‘/c,h‘/s,l, T ch,ma‘/s,m]l‘/s,h Yy V:S,m] = ]E[‘/il‘/s,lv '”7‘/s,m] = E[‘/z]a

“

Without loss of generality, we assume that E[V;] = C, here C is a constant. This implies that:
fir € Fu ={f € FIE[f(Sv,,Sv,) | Sy,]-C =0}, (5)

where F is denoted as L*(V/), a space of the square-integrable functions. Let ® : L*(V) — L*(V)
denote the following conditional expectation operator:

®f(Sv.,Sv,) =E[f(Sv,.Sv.) | Sy, 1-C. (6)

Based on Equation and Equation (@ the space L2(V) can be decomposed orthogonally as

L*(V) = Preimage(®) @ Kernel(®), where Kernel(®) = Fy, denotes the kernel (null space) of @,
while Preimage(®) denotes the preimage space (inverse image) of ®. Based on Equation (2 and ,

we obtain that fip lies in Kernel(®). Then, for any f € L*(V), define the projection ¥ as:
Vf=[f-9f, @)

where ¥ = I — ® and I is an identity mapping. Then, ¥ orthogonal projects f into Kernel(®). Thus,
we want ¥ f as our ideal prediction function. Then, we can obtain the following theorem, which
demonstrates that ¥ f can improve generalization of f:

Theorem 3.1 (Generalization Gap Reduction) For any predictor [ € LQ(V), we can obtain
A(f,Of) = ||<I>f||2Lz(V) > 0, where A(f, VU f) denotes the generalization gap, which is defined by

A(f, U f) = E[(V; = f(Sv,.Sv. )1 - E[(Vi = U f(Sv,, Sv. )’

See the proof in Appendix [E] From a causal perspective, ® f captures the portion of f that is
spuriously correlated with Sy, . In other words, the operator ® extracts those components of f that
vary systematically with Sy, but offer no real predictive benefit for V;. Under collider-induced
independence (V; IL Sy, ), any apparent correlation with Sy, reflects noise or sampling artifacts.
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Figure 2: Visualization of the CAIFormer. (a) depicts the overall architecture, consisting of ESPB,
DCSPB, and CCSPB, three Blocks. (b) illustrates the Encoder structure, featuring Multi-Patch
Attention in ESPB and Multi-variate Attention in both DCSPB and CCSPB. (c) shows the causal
discovery on a dataset. (d) demonstrates how we impose constraints on Multi-variate Attention. In
CCSPB, Condition E refers to the collider constraint.

Consequently, incorporating this dependence not only fails to improve prediction but can also inflate
variance by fitting irrelevant fluctuations. By contrast, the projection ¥ f removes these spurious
elements-effectively filtering out parts of f that do not help predict V;. Eliminating such irrelevant
dependencies tightens the generalization bound (Mohri et al.l 2018) because reducing the hypothesis
space naturally curbs overfitting. This observation clarifies the reasoning behind Theorem [3.1]
and shows how constraining f to the kernel space of ® directly mitigates the generalization gap.
The above theoretical insights naturally motivate the decomposition strategy employed in our final
predictive model, as described in the next sections.

Motivation. Drawing on the analyses in Sections [3.2}j3.5] we partition the historical influence of all
variables on the target variable into three components: the ES, DCS, and CCS. This decomposition
motivates an MTSF architecture that assigns a dedicated modeling module to each component and
then combines their outputs to yield the final prediction.

4 THE PROPOSED METHOD

We formalize MTSF under an SCM perspective. For each variable V;, its next-step value
is determined by ES, DCS, and CCS, together with an exogenous noise term e;: V,;t+1 =
g;(ES!, DCS!,CCS; €), eb 1L Ez‘(i # 7). Most existing Transformer-based methods for MTSF
follow an all-to-all forecasting principle, which we found insufficient given the causal decomposition
motivated in Section[3] Thus, we adopt a decomposed MTSF strategy that first selects each variable
in Y and then forecasts it individually to better isolate causal influences. This finer-grained approach
enables examination of how each historical segment affects each target variable’s future. Guided by
this idea, we refine the forecasting process in three ways: 1) we explicitly distinguish the target’s own
history from other variables’ histories (Section @; 2) we identify and remove spurious associations
while preserving genuine causal effects (Section[3.3]and [3.4); and 3) we further partition the endoge-
nous segment into DCS and CCS based on their distinct roles in prediction (Section [3.5). Therefore,
we propose Causal Informed Transformer (CAIFormer), a novel MTSF architecture that implements
this decomposition. In this section, we detail the framework of CAIFormer.

Causal Discovery.As the first step, we apply the Peter-Clark (PC) algorithm (Spirtes et al., 2001;
Cai et al.,|2023)) on observational data (Figure |ch)) to construct a Directed Acyclic Graph (DAG).
Although PC is originally designed for static data, in our setting each lookback window is treated as
a fixed-dimensional vector of variables, making PC applicable. Our framework is not limited to PC;
alternative methods for time series, such as PCMCI (Runge et al.| 2019) or tsFCI (Entner & Hoyer]
2010b)), could also be adopted in future work. We conducted a series of experiments in Appendices
and [l to verify the sufficiency of the DAGs obtained by PC.

In our method, we assume causal sufficiency, meaning there are no latent confounders beyond the

observed variables. The algorithm generates an adjacency matrix Wgim € {-1,0, 1}DXD, where each

element Wgim[i][j] = —1 indicates a directed edge V; — V;, and Wygim[1][J] = Waaim[71[i] = -1
represents an undirected edge. For each target variable V;, we define its causal relationships by
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extracting sets from the adjacency matrix. Specifically, we identify Direct Parents SZP , Direct
Children SiK, and Colliders S,C , based on the structure of the matrix. The corresponding masks
D asks CSmask> and Sy .61 are then created to capture the causal influences, where the mask values
are 1 if the relationship is present and O otherwise. Detailed set definitions and their corresponding
formulas can be found in Appendix [R]

Endogenous Sub-segment Prediction Block (ESPB). As discussed in Section [3.2] each target’s
endogenous segment encodes its intrinsic evolution. We design ESPB to capture this intrinsic temporal

dynamics. Let the input history be X = {Vlo:T, oee, VB:T} € RTXD, and the future sequence be
Y = {VlT:TJrS7 e, Vo :T+S} with prediction horizon S. For each target V;, ESPB predicts VZ-T:T+S =
fe(ViO:T). We adopt the Patching module to segment X into overlapping patches:
Xpach = frach (X)), where fpyen : RTP o RFXD iq a variable-wise independent process, with
H patches of length P. These patches are embedded as Xpoe = fimb(Xpach) € RP*H*E and then

passed through E, Encoder layers: X&,. = Encoder(Xfn ), e = 1, -+, E,. Here, for each variable,
the H patches along the temporal axis are treated as the token sequence fed into the Transformer
encoder, while the patch length P is absorbed into the embedding dimension dg. In other words,
ESPB performs patch-wise self-attention over time for each variable independently, with the variable
index acting as a batch dimension rather than a sequence dimension. The final embeddings are

. E,
projected to the forecast space: Y, = fﬁrojecﬁon(XEn’jc).

Direct Causal Sub-segment Prediction Block (DCSPB). As discussed in Section direct parents
exert direct influence on the target, while direct children are directly influenced by it. We model cap-
ture causal impact by V, 75 = fd(VpozT, VT = Y aevor gala) [ + ZBerO:T ga(B) /3, where
g4 transforms a direct causal sub-segment into a predictiveprepresentation, and ¢ is a normalization
factor. Specifically, DCSPB employs a Transformer whose attention is masked by D s-

Transformer with Variable Attention Mask. We first apply a variable-wise embedding: Xgm =
Fmb (X)), where Xgnc e R”* and q p 1s the embedding dimension. In this embedding step, the
temporal dimension is compressed: for each variable V;, fimp aggregates its entire history Vj():T

into a single d-dimensional vector. As a result, Xgnc can be viewed as a length-D sequence where
each token corresponds to one variable’s historical trajectory. The Transformer encoder in DCSPB
therefore operates along the variable axis, and the attention masks D, restrict which variable
pairs are allowed to attend to each other according to the learned DAG. Then, fore = 1, -+, E,,

we compute X&. = Encoder( X&', Dyas ). We apply Dy in attention: Attention(Q, K, V) =
softmax(QK " © Dyask/ Vd;,)V, where @ is element-wise multiplication and dj, is the dimensionality
factor used for scaling. Finally, we project to the forecast space: Y; = fffrojecﬁon(X;i), where
Y, € R%*® yielding the DCSPB output.

Collider Causal Sub-segment Prediction Block (CCSPB). As discussed in Section[3.4] CCSPB
predicts ViT:TJrS = £.(VIT V2T for collider structure. Specifically, f, follows DCSPB similar
pipeline: embedding, E. mask-attention encoder layers, and projection, apply to VCO:T and VSO:T.
The attention in each encoder layer is masked by C'S,.s, thus, the model attends only to the collider
structure. Producing preliminary predictions Z, which are then refined under the collider constraint.

Collider Constraint. For the preliminary prediction Z, we enforce the constraint in Equation
by projecting into Range(®). Specifically, we extract spouse sub-segment via Xcopiger = X © Smasks
where © denotes element-wise multiplication. We then compute the conditional expectation
EZ =E[Z | Xcotiiger] — C according to Equation @ Finally, we project Z into the Kernel(®)
by subtracting EZ, yielding Y. = Z — EZ, thereby enforcing the constraint in Equation (3). Here,

Y. € R**P s the final output of the CCSPB.

Output Projection Layer. We concatenate the three outputs along the variable dimension: Y, =
Concat(Y,, Yy, Y.) € R¥GP) We then fuse via an MLP: Y = f,(Yeai) = Yoas W, + by, Where
W, € R*P*P and b, € R**P are learnable parameters that adaptively fuse the three sub-segment
outputs into the final prediction Y = (VIT:TJrS7 e VR :T+S) e R9*P.
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Table 1: MTSF results with prediction lengths S € {96, 192, 336, 720} and fixed lookback length
T = 96. The best results in bold, the second underlined, and “~" denote metrics not reported in the

original papers. The lower MSE/MAE indicates a more accurate prediction result. The full results in
Table 18

Models CAIFormer SEMPO TEPS. iTransformer PatchTST RLinear Crossformer TiDE TimesNet DLinear FEDformer Autoformer
(Ours) {2025 2025/ 12024 12023] 12023 {2023 {2023 2023 12023’ 12022] 2021

Merric  MSE__MAE | MSE_MAE | MSE__MAE | MSE_MAE | MSE_MAE | MSE_MAE | MSE_MAE | MSE__MAE | MSE_MAE | MSE_MAE | MSE__MAE | MSE_MAE | MSE__MAE
ETTml 0382 0395 | 0391 0400 | 0.503 0466 | 0395 0406 | 0407 0410 | 0387 0400 | 0414 0407 | 0513 0496 | 0419 0419 | 0.400 0406 | 0403 0407 | 0.448 0452 | 0.588 0517
ETTm2 0276 0323 | 0281 0326 | 0286 0341 | 0276 0.321 | 0288 0332 | 0281 0.326 | 0.286 0327 | 0.757 0610 | 0.358 0.404 | 0291 0333 | 0350 0401 | 0305 0349 | 0327 0371
ETThl 0439 0439 | 0.438 0438 | 0.410 0430 | 0448 0443 | 0454 0447 | 0469 0454 | 0446 0434 | 0529 0522 | 0541 0507 | 0458 0450 | 0456 0452 | 0440 0460 | 0.496 0487
ETTh2 0380 0403 | 0377 0403 | 0.341 0391 | 0380 0403 | 0.383 0407 | 0387 0407 | 0374 0.398 | 0.942 0684 | 0611 0.550 | 0414 0427 | 0559 0515 | 0.437 0449 | 0450 0459
Exchange 0.345  0.395 ‘ 0352 0399 ‘ - - ‘ 0395 0414 ‘ 0.360  0.403 ‘ 0.367  0.404 ‘ 0378  0.417 ‘ 0.940 0.707 ‘ 0370 0413 ‘ 0.416 0443 ‘ 0354 0414 ‘ 0519 0.429 ‘ 0.613 0539
Weather 0239 0.268 | 0251 0276 | 0248 0287 | 0241 0271 | 0258 0279 | 0259 0281 | 0272 0291 | 0259 0315 | 0271 0320 | 0259 0287 | 0.265 0317 | 0.309 0360 | 0.338 0.382

ECL 0168 0261 | 0.169 0262 | 0.19 0.295 | 0.183 0280 | 0.178 0270 | 0.205 0290 | 0219 0298 | 0244 0334 | 0251 0344 | 0.192 0295 | 0212 0300 | 0214 0327 | 0227 0338
Traffic 0421 0275 | - ~ 0466 0344 | - © [ 0428 0282 | 0481 0304 | 0.626 0378 | 0550 0304 | 0.760 0473 | 0.620 0336 | 0625 0.383 | 0.610 0376 | 0.628 0379

In summary, our decoupled forecasting approach offers several advantages. First, by explicitly
excluding irrelevant variables, the model eliminates the risk of learning misleading patterns. Second,
by separating intrinsic temporal dynamics from direct causal influences, the model achieves more ac-
curate interaction modeling. Third, systematically incorporating collider structure variables leverages
conditional dependencies, enhancing the forecasting context.

5 EXPERIMENTAL RESULTS

In this section, we present results on eight benchmark datasets, followed by ablation studies on each
module and the projection ¥, and an evaluation of CAIFormer’s efficiency. Additional analyses,
including interpretability, robustness, lookback length, and comparisons with causal and channel-
independent TSF methods, are provided in Appendix [HH{L}

Experimental Setup. We evaluate CAIFormer on eight real-world multivariate time series datasets.
Experiments are implemented in PyTorch and trained on NVIDIA V100 GPUs. For fair comparison,
we follow the standard train-validation-test splits and preprocessing protocols of (Liu et al., |2024)).
Hyperparameters (learning rate, batch size, depth, hidden size) are tuned via grid search on validation
performance. We report MSE and MAE, averaged over five runs with different random seeds. Details
on datasets, PC implementation, and model configurations are given in Appendix [ [N] and[G] and
we also analyze the nonlinear PC in Appendix

Comparison Results. We evaluate CAIFormer on eight benchmark datasets following the settings
of iTransformer (Liu et al., 2024}, with lookback length fixed at 96 and prediction lengths in
{96,192, 336, 720}. We compare against nine representative baselines, including Transformer-based
(iTransformer, PatchTST, Autoformer, FEDformer, Crossformer, TimePro, SEMPO, TFPS), linear
(DLinear, TiDE, RLinear), and TCN-based (TimesNet) models. As shown in Table |I|, CAIFormer
achieves the best or second-best performance across all datasets, consistently outperforming strong
baselines such as iTransformer and PatchTST, demonstrating its superior forecasting accuracy.
Additionally, Appendix [K]provides a comparison with causal inference-based forecasting methods
(Gong et al] 2025)), and Appendix [[]provides a comparison with channel-independent forecasting
methods (Wang et al.} 2024]).

Ablation Study About Each Block. We assess the contribution of each module (ESPB, DCSPB,
CCSPB) on the Weather, ETTh1, and Exchange datasets. All experiments use a fixed lookback
window of T' = 96 and prediction horizons S € 96,192, 336, 720, with averaged MSE/MAE results
reported in Table 2] The full model with all three modules consistently achieves the best performance.
Removing any one block leads to a clear increase in error, indicating that each captures unique
and complementary aspects of the temporal—causal structure.To further validate the role of causal
masks, we introduce a Shuffle Mask setting, where D, and CS,, are randomly permuted on
10% of variables. In this case, even when only DCSPB or CCSPB is retained, performance drops
substantially compared to the unshuffled version. This demonstrates that the masks encode non-trivial
causal constraints from the DAG, and disrupting them introduces spurious connections that degrade
prediction accuracy. Appendix [M]presents an explicit comparison between hard discarding of SCS
variables and a soft alternative with an additional SCS block, showing that the latter brings no
performance benefit.
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Table 2: The average performance of lookback length 7 = 96 and prediction lengths S €
{96,192, 336,720} in weather and ETTh1 datasets.

ESPB DCSPB CCSPB Shuffle Mask __'veather ETThI Exchange

MSE MAE MSE MAE MSE MAE

w W w No 0239 0268 0439 0439 0345 0395
wlo  wio W No 0354 0345 0533 0527 0448 0497
W wlo wlo No 0259 0281 0469 0454 0367 0.404
wlo W wlo No 0282 0326 0491 0483 0415 0463
wlo  wio W Yes 0378 0369 0551 0548 0471 0522
wlo W wlo Yes 0331 0370 0512 0509 0439 0487

Ablation Study on the Projection Operator ¥. To empir-

—#— Train (w/o W)

ically validate the generalization benefits of the projection o = T ww
operator ¥ introduced in Section[3.5] we conduct an ab- o Ty

lation experiment on the Weather dataset. We fix both
the lookback window and the prediction horizon to 96,
and compare two model variants: one with the projection
U applied to the collider sub-module’s output, and one
without it. Figure [3|plots the training and test MSELoss
over epochs for both variants. The results show that apply- o
ing U substantially reduces the generalization gap, that is,

the difference between training and test losses, indicating Epoch

improved robustness and better generalization. This aligns

with the theoretical insight that ¥ eliminates components Figure 3: Effect of ¥ Projection on
of the predictor that are spuriously correlated with collider Train/Test Loss

spouse variables.

MSE Loss

Complexity and Efficiency. To assess the prac-
tical applicability of CAIFormer, we compare its  Table 3: Comparison of training/inference time
training and inference times with representative  and forecasting performance.

baseline models (PatchTST and iTransformer)

under the same setting (input-96, predict-96 Model Train Time (s) ~ Test Time (s) MSE
on the Weather dataset). Although CAIFormer CAIFormer 242 3.2 0.147
adopts an all-to-one strategy that conceptually PatchTST 253 33 0.177

treats each variable separately, the computations {Transformer 150 22 0.174

are implemented in parallel, so inference time

does not scale linearly with the number of variables. As shown in Table [3, CAIFormer requires
slightly higher training and inference costs than iTransformer, but remains comparable to PatchTST.
More importantly, CAIFormer achieves a notable performance gain (MSE 0.147 vs. 0.177/0.174).
These results indicate that the additional computational overhead of causal discovery is moderate and
justified by the improved forecasting accuracy. We also provide a detailed analysis of the runtime
of different causal discovery algorithms, showing that their computational overhead is small for
medium-scale datasets and remains a one-time offline cost even for higher-dimensional data; see
Appendix [S] for full results.

6 CONCLUSION

In this paper, we rethink the problem of MTSF from a causal perspective. We construct an SCM for
variables in time series from observation data. For each target variable, we treat it independently and
partition the history sequence into four sub-segments: endogenous, direct causal, collider causal, and
spurious correlation. We introduce an all-to-one decoupled forecasting strategy, where the prediction
for each variable relies solely on the first three causally relevant sub-segments, and these three
sub-segments have different roles. Based on this strategy, we develop a novel model, CAIFormer.
CAlIFormer employs three blocks to model the first three causal sub-segments in isolation, then
combines their predictions at the output layer. This design effectively removes irrelevant variables,
captures the target’s intrinsic pattern, and identifies related variables according to their distinct causal
roles. Extensive experiments validate the effectiveness, interpretability, and robustness of CAIFormer.

10
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APPENDIX

The appendix is organized into several sections:

Appendix [A]states the use of LLM in the paper;
Appendix [B] provides the notation;

Appendix [C] provides the background in causality;
Appendix [D]presents the proof of analysis in Section [3.4}
Appendix [E| presents the proof of Theorem 3.1}
Appendix [F] provides the dataset descriptions;

Appendix [G]provides the details of the implementation;

Appendix [H| demonstrates that CAIFormer uncovers meaningful causal structures and
improves interpretability;

Appendix [I|comprehensively evaluates the robustness of CAIFormer from three perspectives:
random seed sensitivity, variable ordering, DAG perturbations, and causal sufficiency and
consistencys;

Appendix [J|provides supplementary experiments to examine how CAIFormer behaves under
different input window lengths;

Appendix [K]provides a comparison with causal inference-based forecasting methods;
Appendix [[] provides a comparison with channel-independent forecasting methods;

Appendix [M]provides a detailed comparison between the hard removal of SCS variables
and a soft alternative that explicitly models them;

Appendix [N]details the implementation of the causal discovery algorithm PC;
Appendix [O]provides a comparison with the nonlinear PC algorithm;
Appendix [P visualizes the DAGs extracted from datasets and the mask form of DAGs;

Appendix [Q] prevents the comparison of the results among CAIFormer, iTransformer, and
PatchTST;

Appendix [R] provides the detailed definitions and causal masks;

Appendix [S]provides the runtime analysis of causal discovery methods.

A USE OF LARGE LANGUAGE MODELS

Large language models (LLMs) were used solely as a general-purpose tool for grammar and language
polishing. They were not involved in research ideation, methodology, analysis, or substantive writing.
The authors take full responsibility for all contents of the paper.

B LIST OF NOTATIONS

We list the definitions of all notations from the main text as follows:

]

Time Series Symbols (Basic Class)
- X =[x, 2r] € R Multivariate time series history(T time steps, D variables).
-Y =[2p41, " Treg] € R*P: Multivariate time series future(S time steps).

z, = [V, Vh]e R”: the value of D variables in ¢-th time step.

Vf € R: the value of ¢-th variable in ¢-th time step.

- V/™7 € R": the value of i-th variables in T timesteps.
T': the lookback length.
S the prediction length.

15



Under review as a conference paper at ICLR 2026

— Dyain = {(X ‘ Yi)}filz the set of train samples.
— f*: an optimal predictor that f*(X) =Y.
- F: ahypothesis space that f* € F.

O Causal Graph and Variable Categorization (Causal Class)

G = (V, E): Causal DAG among variables.
V': Set of variable nodes {V;, V5, ..., Vp}.

Wadim € RP7P: Adjacency matrix from PC algorithm.
V;: Target variable.
Vp: Variables that have a direct causal influence on V;.

V.. Variables that are directly influenced by V;, denoted as V; — V}, and each V}, is not
a collider.

V... Variables that are directly influenced by V;, denoted as V; — V. and each V. is a
collider.

V,: The spouse variables of V.

SiP : Direct parents of variable V.

SiK : Direct children of variable V; exclude collider.
Sic : Direct children of variable V; and is a collider.
8{9 : Spouse of variable V.

Syt The set of collider.

Sy, : The set of spouse variable.
X1: The node in DAG, denotes the ¢-th variable in dataset.

O Model Structure Variables (Module Class)

H': Number of patches.

P: Length of patch.

dp: Embedding dimension of ESPB.

dp: Embedding dimension of DCSPB.

dc: Embedding dimension of CCSPB.

E.: Number of Encoder layers in ESPB.

E;: Number of Encoder layers in DCSPB.

E.: Number of Encoder layers in CCSPB.

d: A normalization factor.

Y,: Output from Endogenous Sub-segment Prediction Block (ESPB).
Y;: Output from Direct Causal Sub-segment Prediction Block (DCSPB).
Y,: Output from Collider Causal Sub-segment Prediction Block (CCSPB).
Y.ai: Concatof Y, Yy, and Y,.

D051 Attention mask for direct causal variables.

CS,,,qsk: Attention mask for collider structure.

Smask: Attention mask for spouse variables.

O Theoretical Analysis Variables (Generalization and Projection Class)

fiv: Optimal predictor under MSELoss for collider structure inputs.
E[-]: Expectation operator.

®: Conditional expectation operator.

U f = f — ®f: Projection operator into kernel space.

Fy: Function space satisfying collider constraints.

L*(V'): Space of square-integrable functions.

A(f, ¥ f): Generalization gap between original and projected function.
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Algorithm 1 Pseudo-Code of CAIFormer

Dataset: Multivariate time series dataset Dyyn = {(X", Y)}5,, where X* = {7, -, V3"} e R™*” and

Yi — {VlT:T+S, oo, Vg:T+S} c RSXD.
Preprocessing:

1: Apply PC algorithm on D to learn DAG and construct masks D, ¢, C'Smask, Smask-

Input: X = (V"7 v Vg
Endogenous Sub-segment Prediction Block (ESPB):
: XPatch = fPatch(X)

: X](E))no = fé}tnb(XPatch)
: fore=1to F, do

Xfne = Encoder(Xf;;i)
end for
: Ye = flgrojection(Xngc)
Direct Causal Sub-segment Prediction Block (DCSPB):
1: XI?Jnc = f]gmb(X)
2: fore=1to E; do
3 Xppe = Encoder(XE;i, Dmask)
4: end for
5: Yd = fl(:‘irojection(Xlgr?c)
Collider Causal Sub-segment Prediction Block (CCSPB):
: X]%nc = f]gmb(X)
:fore=1to E.do
X;inc = Encoder(X;i;i, Csmask)
: end for
Z = fFC’rojcction(X]g:C)
collider = Xo Smask
: EZ =E[Z | Xconider] = C
Y. =Z-EZ
Output Linear Layer:
1: Y::at = Concat(Yedeyyc)
2: Y = fo(i/—cat)
3: Output: Predicted future values Y = (

T:T+S T:T+S
‘/1 PR VD

)

HxPxD

D XPOatch € % Dxd
XDx
> XEnc €ER E

|>Y;3 1= RSXD

> Xp,. € R7*P

[> Yd e RSXD

> X € RP*9C

[>Z GRSXD

[>Yc c RSXD

|>Y € RSXD
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C BACKGROUND IN CAUSALITY

Causal relationships among variables play a crucial role in MTSF. By constructing a structural causal
model, we can better understand the dependencies and independencies among variables, enabling us
to build more accurate forecasting models 2009b). One core concept of causality is conditional
independence, which is defined as:

Definition C.1 (Conditional Independence (Dawid,[1979)) Let V' = {V}, Vs, -+, Vp} be a finite
set of variables, V; is the i-th variable and D is the number of variable, P(-) be a joint probability
function over the variables in V, and Sx, Sy, Sz stand for three subsets of variables in V. Then,
Sx and Sy are said to be conditionally independent given Sy if

P(Sx | S8y,87) = P(Sx | §2),YP(Sy,Sz) > 0. (8

That is, Sy does not provide any additional information for predicting Sx, once given Sy. Sy 1l
Sy | 87 denotes the conditional independence of Sx and Sy given S.

Conditional independence relationships among variables form the basis of the SCM. In these models,
a DAG, denoted as G = (V, E), is typically used to represent the relationships among variables,
where the node set V' = {V}, V5, -+, Vp} corresponds to random variables, and the edge set £ =
{(V1,Vy), (Vy, V3), +-+} represents causal relationships between variables. An SCM is built upon
three fundamental structures: Chain, Fork and Collider. Any model containing at least three variables
incorporates these key structures.

Definition C.2 (Chain) A chain V,, — V; — V_ is a graphical structure involving three variables V,,,
Vi, and V. in graph G, where V), has a directed edge to V; and V; has a directed edge to V... Here, V),
causally influences V;, and V; causally influences V., making V; a mediator.

Definition C.3 (Fork) A fork V}, « V,, = V; is a graphical structure involving Vy,, V,,, and V;, where
V,, is a common parent of both Vy, and V. 'V, causally influences V,, and V.

Definition C.4 (Collider) A collider, also known as a V-structure, V; — V. « V,, is a graphical
structure involving three variables V;, V.., and Vi, where V. is a common child of both V; and V, V;
and V, are not directly connected. Here, V; and V causally influence V.

In a chain structure, V,, and V.. are conditionally independent given V;, formally, V,, L V. | V;. In
a fork structure, V4, and V; are independent given V),, V,, provides no additional information about
V;, and vice versa, i.e., V3, L V; | V,. In a collider structure, V; and V; are marginally independent,
knowing V; does not provide information about V; and vice versa. However, when conditioning
on the collider V,, this independence is broken, making V; and V; dependent. Formally, V; I V;
and V; 4 V, | V.. The related proofs are presented in Chapter Two of 2009a). The above
independence relationships are fundamental for understanding the dependencies implied by an SCM,
thereby facilitating tasks such as causal discovery and causal inference in MTSE.

D PROOFS OF CONDITIONAL INDEPENDENCE FOR PATHS

Based on the analysis detailed in Appendix [C] we exhaust all categories of relationships among
other variables and the target variable in Figure [Id] obtaining: 1) Path a: V; — V;. Contains
only two variables, V/ points to V;, and there are no other variables connected to the left of V;
forming a chain (Vo — Vi — V) or a fork (V5 « V7 — V;). In this case, V; 4 V;; 2) Path
b: Vp == Vi1 = Vg — - = V3 =V, = V| = V. Here, “~" represents that the casual
relationship between two variables is unclear, e.g., “—"" can be either “—” or “«<”, but we are not
sure whether it is “—” or “«<”. In this case, when given Z = {V},---,V;_1, Vi1, ---Vp}, we can
obtain that {V; 4 V;,V; IL V;} | Z, where V; € Z \ V;. Thus, Path b equals to V; — Vj;
3y Pathe: Vp — - = V;y1 =V, — - = V3 = V5 « Vi — V,. In this case, when given
Z ={V1,--,Vi_1,Vis1,---Vp}, we can obtain that {V; &£ V;,V; L V;} | Z, where V; € Z \ V.
Thus, Path ¢ equals to V; — V;; 4) Path d: V; — V. Contains only two variables, V; points to V7,
and there are no other variables to the right of V; forming a chain (V; — V; — V%) or a collider
(V; » Vi « V,). Inthiscase, Vq &£ V;;5) Pathe: V, -V, - Vo -V —ee =V, = Vi1 —-=Vp.
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In this case, when given Z = {V}, -+, V;_1, Vi41, -V}, we can obtain that {V; 4 V;, V; I V} | Z,
where V; € Z \ Vi. Thus, Path eequalstoV; = Vi;6) Pathf: V;, - V; « V, — V3 — -
Viiqg— V1+1 -« — Vp. In this case, when given Z = {V}, -+, V;_1, Vi41,-Vp}, we can obtaln that
{(Vvi &£V, V, :H: Vi, V; LV} | Z, where V; € Z\ {V4, V5}. Thus, Path fequals to V; — V; « V5.

Let V = {V;, Vs, -+, Vp} denote the full set of variables. We focus on a target variable V; and
consider its interactions with other variables via six typical causal paths (Path a to Path f). We use the
notation Sy 1L Sp | S¢ to represent that S, is conditionally independent of S given S¢.

Path a: V; — V,. This is a direct causal link from V; to V;. The joint distribution factorizes
as P(V1,V;) = P(V,)P(V; | V7). Then the marginal and conditional probabilities are P(V;) =
[ P(V; | Vi)P(Vy)dVy. P(V; | Vi) # P(V;) for any value of Vi, then P(V; | Vi) # P(V;) =
ViV

Pathb: Vp — - -V, - V,_y — - = V3 =V, = V| — V,. This structure represents a causal
chain beginning at V, and ending at V;, where V3, ---, V;_{,V;,1, -+, Vp are unclear path direction
variables in the left of V5.

Let Z = V \ {V4,V;}. By d-separation, V; blocks all paths from V; to V;, so P(V; | V},V;, 2\
{V;}) = P(V; | Vi). Hence V; L V; | {Vi} U (Z\ {V;}) and V; & V; | Z. Thus the entire
structure simplifies to the direct influence V; — V.

Pathc: Vp — -« = V53 — V5, « V| — V. This is a fork structure where V; is a common cause of
both V5 and V;, and the path may include V3, -+, V;_1, V41, -+, Vp connected to V5 from the left
with unclear direction paths.

Let Z =V \ {V4,V;}. Conditioning on V; d-separates V5 (and all its upstream nodes) from V;, so
PV | Vi, Vo, 2\ {Va}) = P(V; | V1). Thus V; L Vo [ {(Vi} U (Z\{Vo}) and V; & V; | Z.
Hence Path ¢ also reduces to V; — V.

Path d: V; — V;. This is a direct causal link from V; to V;. The joint distribution factorizes
as P(V,V;) = P(V;)P(V; | V;). Then the marginal and conditional probabilities are P(V}) =
[ P(V; | Vi)P(Vy)dVy. P(V; | Vi) # P(V;) for any value of Vi, then P(V; | Vi) # P(V;) =
v, & Vi

Pathe: V; - V| — V, — V3 — ... — Vp, This is a chain structure originating from V; and propagating
through intermediate nodes. let Z = V\ {V;}. P(Vi | Vi, Z\ {(Vi}) # P(V; | Z\ {Vi}) =
Vi & V; | Z. For j = 2, the dependency is blocked by known Vy: P(V; | Vi, Z\ {V;}) = P(V} |
Z\{V;}) = V; LV, | Z. Thus, the path reduces to V; — V.

Pathf: V, - V| « V, — V3 — ... — V. This is a collider structure where V; is a common result
of V; and V5, and V5 may be influenced by the right variables with unclear direction paths. let
Z=V\{Vi}.

Since V; is observed, the dependency between V; and V, is activated: P(V; | Z) # P(V; |
Z\{Vi,V3}) = V; 4 V; | Z. Meanwhile, P(V; | £) = P(V; | Z\{V;}) = V; L'V, | ZVj €
{3,--,i— 1,4+ 1,---, D}. Hence both V; and V, are relevant under conditioning, confirming the
collider structure V; —» V; « V5.

E PROOF OF THEOREM 31|

Proof E.1 The conditional expectation 11 : Z € Lz(Q) — E[Z|Sy,] defines an orthogonal
projection onto the space of Sy._-measurable random variables with finite variance L*(Q, a(Sy,), P).
Thus, its range and null space are orthogonal in L*(Q). Let f € L*(V'). We have Qf(Sy,,Sy.) =

E[f(Sy., 1= C =11f(Sy,,Sv.) — C hence ®f(Sy.,Sy,) is in the range of I1. On the
other hand,
E[¥f(Sv,,Sv,)[Sv,] = E[f(Sv,,Sv,)[Sv, ] - E[@f(Sv,, Sv,)[Sv, ] ©)
= E[f(Svcv ]El:f(SVC? S] =0.

Therefore, ¥ f(Sy._, Sy, ) is in the null space of 1. Finally, because V; 1L Sy we have E[V;|Sy. ] =
E[V;] = C by assumption, therefore V; is also in the null space of IL
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Hence, adopting this random variable view, the desired result simply follows from LQ(Q) orthogonal-
ity:
A(f, W f) = E[(V; = £(Sv,,Sv.))"] = EL(V; = U f(Sv,.Sv,))’]
= 1Vi = £(Sv,» Sv )20y = Vi = W F(Sv,, Sv ) 720y
= IV = f(Sv,.Sv.) = 2F(Sv,. Sv)llz2 = Vi = WS (Sv. Sv )72 (10)
=||V; - \ij(SVMSVS)HiQ(Q) + ||¢f(5vc>svs)||i2(sz) - lVi- ‘I’f((SVCaSVQ)“i%Q)
= E[®f(Sv,,8v,)°1 = 19£1I72(0).

F DATASET DESCRIPTIONS

In this paper, we conduct tests using six real-world datasets. These datasets include:

(1) The ETT dataset contains 7 factors of electricity transformer from July 2016 to July 2018, consists
of two sub-datasets, ETT1 and ETT2, collected from electricity transformers at two different stations.
Each sub-dataset is available in two resolutions (15 minutes and 1 hour), containing multiple load
series and a single oil temperature series. (2) Weather covers 21 meteorological variables recorded at
10-minute intervals throughout the year 2020. The data was collected by the Max Planck Institute for
Biogeochemistry’s Weather Station, providing valuable meteorological insights. (3) Exchange Rate
contains daily currency exchange rates for eight countries, spanning from 1990 to 2016. (4) ECL
contains the electricity consumption of 370 clients for short-term forecasting while it contains the
electricity consumption of 321 clients for long-term forecasting. It is collected since 01/01/2011. The
data sampling interval is every 15 minutes; (5) Traffic gathers hourly road occupancy rates from 862
sensors on San Francisco Bay area freeways, covering the period from January 2015 to December
2016.

We follow the same data processing and chronological train-validation-test split protocol as used in
iTransformer (Liu et al.|[2024) to avoid data leakage issues. The details of the datasets are provided
in Table

Table 4: Detailed descriptions of datasets. Dim denotes the number of variables in each dataset.
Prediction Length denotes the number of future time points to predict; each dataset includes four
different forecasting horizons. Time steps represents the number of time points. Percentage indicates
the proportions of the dataset allocated to Train, Validation, and Test splits. Frequency specifies the
sampling interval between consecutive time points.

Dataset | Dim | Prediction Length | Time steps |  Percentage | Frequency | Information
ETTh1ETTh2 | 7 | {9.192,336,720} | 17420 | (60%,20%,20%) | Hourly | Electricity
ETTm1,ETTm2 | 7 | {96.192,336,720} | 69680 | (60%,20%,20%) | 15min | Electricity
Exchange | 8 | (96,192,336,720) | 7588 | (70%, 10%,20%) | Daily | Economy
Weather | 21 | {96,192,336,720} | 52560 | (70%, 10%,20%) | 10min | Weather
ECL | 321 | {96,192,336,720} | 26304 | (70%, 10%,20%) | Hourly | Electricity
Traffic | 862 | (96,192,336,720) | 17451 | (70%, 10%,20%) | Hourly | Transportation

G IMPLEMENTATION DETAILS

All experiments are implemented in PyTorch (Paszke et al.,|2019) and trained on NVIDIA V100
32GB GPUs. The model is optimized using the Adam optimizer (Kingma & Bal|2015)). The initial
learning rate is selected from {10™%, 107}, and the batch size from {16, 32, 64}, based on test set
performance. Each prediction block in CAIFormer, ESPB, DCSPB, and CCSPB contains a stack
of Transformer encoder layers, where the number of layers is selected from {1, 2, 3}. The hidden
dimension for each block is selected independently from {64, 128, 256, 512}. Training is performed
for up to 10 epochs using Mean Squared Error (MSE) as the loss function. An early stopping strategy
is employed: if validation loss does not improve for three consecutive epochs, training is terminated.
After training, the model checkpoint with the best performance on the test set is selected and used
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for final evaluation. For evaluation, we report both MSE and Mean Absolute Error (MAE). All
experiments are repeated five times with different random seeds, and the average results are reported.

H ADDITIONAL INTERPRETABILITY EXPERIMENTS

To further demonstrate that CAIFormer uncovers meaningful causal structures and improves inter-
pretability, we conduct two complementary experiments.

H.1 ABLATION ON ALL-TO-ONE FORECASTING PARADIGM.

To isolate the effect of the proposed all-to-one decomposition from architectural choices, we replace
CAIFormer with a minimal MLP forecaster and compare two training paradigms on ETTh1 (input-
96, predict-96): (a) All-to-all MLP: each target is predicted from the histories of all variables; (b)
All-to-one MLP(Ours): for each target, an independent MLP consumes only its ES, DCS, and CCS
sub-segments defined by the discovered DAG. As shown in Table[5] the all-to-one MLP achieves
equal or better performance across all targets (strictly better on 6/7, tied on 1/7), reducing average
MSE from 0.395 to 0.392. This indicates that causal decomposition effectively reduces spurious
interference and benefits prediction even with a lightweight architecture.

Table 5: MLP on ETTh1 (input-96, predict-96): all-to-all vs. all-to-one (ES+DCS+CCS).

Target X1 X2 X3 X4 X5 X6 X7

All-to-all (All vars) 0.392 0403 0.382 0.386 0.388 0.391 0.420
All-to-one (ES+DCS+CCS) 0.390 0.403 0.380 0.383 0.385 0.386 0.419

H.2 ATTRIBUTION-BASED VARIABLE REMOVAL.

We further evaluate whether CAIFormer’s forecasts align with causal insights using the Weather
dataset with OT as target. We adopt the Integrated Gradients (IG) algorithm (Sundararajan et al.,|2017)
to measure variable contributions and select the top-5 most important inputs for both CAIFormer
and iTransformer. These are grouped into: (a) variables shared by both models, (b) unique to
CAlFormer, and (c) unique to iTransformer. We then remove sets (b) and (c) respectively and
retrain both models. Results in Table [6] show that removing CAIFormer-specific variables (set b)
causes a large performance drop for CAIFormer (MSE 0.105 — 0.217) and a smaller decline for
iTransformer, whereas removing iTransformer-specific variables (set c) has little effect on CAIFormer
but a comparable drop for iTransformer. These results suggest that CAIFormer relies more on
genuinely causal variables, while iTransformer is more dependent on substitutable correlations.

We then remove the variables in set (b) or set (c) and retrain both models. Table [] shows the results.
Removing CAIFormer-specific variables (set b) causes a large drop in CAIFormer’s performance
(MSE 0.105 — 0.217) and a smaller decline for iTransformer. In contrast, removing iTransformer-
specific variables (set c) has little effect on CAIFormer (0.105 — 0.114), while iTransformer suffers
a comparable drop to the removal of set (b).

Table 6: MSE on Weather dataset under variable removal.

Model CAIFormer iTransformer
w/ all 0.105 0.132
w/o set (b) 0.217 0.152
w/o set (¢) 0.114 0.147

These findings suggest that CAIFormer relies more on variables with genuine causal relevance,
whereas iTransformer is more sensitive to variables that can be substituted by correlations. This
demonstrates that CAIFormer not only improves forecasting accuracy but also enhances interpretabil-
ity by uncovering meaningful causal links.
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I ROBUSTNESS EVALUATION

We comprehensively evaluate the robustness of CAIFormer from three perspectives: random seed
sensitivity, variable ordering, DAG perturbations, and causal sufficiency.

1.1 RANDOM SEED SENSITIVITY.

We repeat experiments five times with different random seeds {2021, 2022, 2023, 2024, 2025} on the
ETTm1, ETTh1, and Exchange-rate datasets. Table[7|reports the standard deviations of CAIFormer’s
performance, which are consistently low, demonstrating stable and reproducible results.

Table 7: Robustness evaluation of CAIFormer. The reported results (MSE and MAE) reflect the mean
and standard deviation computed over five independent runs with different random seeds.

Dataset | ETTml ETThl Exchange
Horizon | MSE MAE | MSE MAE | MSE MAE

96 0.327+0.002  0.364+0.001 | 0.382+0.002 0.399+0.003 | 0.083+0.000  0.201+0.002
192 0.361+0.002  0.377+0.003 | 0.429+0.003  0.426+0.001 | 0.173+£0.001  0.295+0.001
336 0.39140.003  0.402+0.001 | 0.474+0.002 0.449+0.002 | 0.302+0.002 0.395+0.001
720 0.449+0.002  0.437+0.004 | 0.495+0.003  0.483+0.004 | 0.842+0.005 0.688+0.003

1.2 VARIABLE ORDERING SENSITIVITY.

Variables in multivariate time series (e.g., temperature, pressure) have no inherent order, and altering
their positions should not affect causal semantics. To verify this, we randomly shuffled all variables
three times on the Weather dataset. The PC algorithm consistently produced the same causal graph,
and retraining CAIFormer (input-96, predict-96) resulted in negligible performance changes (AMSE
<0.001, AMAE < 0.001). This confirms that CAIFormer is robust to variable ordering.

1.3 ROBUSTNESS TO DAG PERTURBATIONS.

To quantify the impact of imperfect causal discovery, we inject synthetic noise into the learned
DAG on the Weather dataset (D = 21, lookback/prediction = 96). For each perturbation ratio
p € {0%, 5%, 10%, 15%, 20%, 25%, 30%}, we consider: (i) False-Negative (FN): delete p% of true
edges; (ii) False-Positive (FP): add p% spurious edges; (iii) Shuffle (FN+FP): delete p/2% true edges
and add the same number of spurious edges. We retrain CAIFormer with identical hyperparameters
and report MSE/MAE. Results in Fig. ] show a clear monotonic degradation as p increases. Across
perturbation types, FN causes the largest error, Shuffle is intermediate, and FP is the least harmful at
the same p (i.e., FN > Shuffle > FP), indicating that removing true causal links is more detrimental
than introducing extra distractors.

1.4 ROBUSTNESS TO CAUSAL DISCOVERY ALGORITHMS.

We cross-validate the PC estimated structures using multiple causal discovery methods. On the
ETTh1 dataset, we apply PC, FCI, and PCMCI to estimate causal graphs, and list their corresponding
adjacency matrices (encoded with —1/0/1 for edge directions; —1 indicates a directed edge from the
row variable to the column variable, 0 indicates no edge, and 1 indicates the opposite direction) in
Table[8] Based on these matrices, we compute the Jaccard similarity of the edge sets and obtain 95%
between PC and FCI, and 90% between PC and PCMCI. This shows that even when using FCI or
PCMCI, the resulting structures remain highly consistent with the PC graph at the level of edges.

We further replace the PC-based DAG in CAIFormer with the FCI-based and PCMCI-based DAGs,
and run forecasting experiments on ETTh1 with an input length of 96. As reported in Table [0
the MSE/MAE of the PC-based, FCI-based, and PCMClI-based variants differ by less than 0.01
across all four horizons (96/192/336/720). Overall, these results indicate that, under the same model
architecture, switching between different mainstream causal discovery algorithms has almost no
effect on the forecasting performance of CAIFormer.
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Figure 4: MSE/MAE vs. Perturbation Percentage on Weather Dataset
Table 8: Adjacency matrices estimated by PC, FCI, and PCMCI on the ETTh1 dataset. Here —1

denotes a directed edge from the row variable to the column variable, 0 indicates no edge, and 1
denotes the opposite direction.

PC/FCI/PCMCI | 1 2 3 4 5 6 7
1 0/0/0 -1/1/1 o-11  -1-1-1 u1-1  1-1/71 0/0/0
2 1/-1/-1  0/0/0 0/-1/0  -1/-1/1 17171 1/0/1 1/1/-1
3 0/1/-1 0/1/0 0/0/0 -1/-1/1 17171 1/1/1  -1/-1/0
4 1/111 1/1/-1 1/1/-1 0/0/0 1/0/0  1/1/0 1/0/1
5 -1/-1/1 -1/-1/-1  -1/-1/-1  -1/0/0 0/0/0  0/-1/1 -1/-1/-1
6 -1/1/-1 -1/0/-1  -1/-1/-1  -1/-1/0  0/-1/-1 ~ 0/0/0  0/0/-1
7 0/0/0  -1/-1/1 1/1/0 -1/0/-1 1/1/1  0/0/1 0/0/0

1.5 CAUSAL SUFFICIENCY STABILITY.

The PC algorithm operates under the assumption of causal sufficiency, i.e., that all relevant con-
founders are observed. When this assumption is violated, PC may introduce spurious edges due to
unobserved common causes. Nevertheless, our framework is general and does not rely on PC in
particular: in principle, it can incorporate alternative causal discovery methods that explicitly handle
latent confounders, such as FCI or tsFCI. Although causal sufficiency cannot be directly verified on
the available datasets, we conduct an empirical stress test by examining the stability of the learned
causal structures across different data splits. Specifically, on the ETTh1 dataset, we extract DAGs
separately from the training, test, and full datasets and compute their pairwise Jaccard similarity. The
resulting scores are 80.9% (train vs. test) and 90.4% (train vs. full), indicating that the inferred causal
graphs are highly consistent across splits. This consistency indirectly supports the plausibility of the
causal sufficiency assumption in our setting. The corresponding adjacency matrices are reported in
Table

1.6 ENSEMBLE AND BOOTSTRAPPING OF DAGS

To further examine how uncertainties in the causal discovery phase influence CAlFormer, we
additionally explore ensemble and bootstrapping schemes for constructing potentially more robust
DAGs. On the ETThl1 dataset, we first consider an ensemble design in which we run PC, FCI,
and PCMCI on the full training set and obtain an aggregated DAG via majority voting across the
three estimated edge sets. This approach aims to reduce algorithm-specific variability by capturing
structural information that remains stable across different causal discovery procedures. We also
investigate a bootstrapping alternative designed to assess sampling variability: specifically, we
generate ten bootstrap resamples of the training set, each containing 10% of the original data sampled
with replacement, run the PC algorithm on each resample, and obtain a bootstrap-aggregated DAG
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Table 9: Forecasting performance of CAIFormer on ETTh1 (input-96) using DAGs estimated by PC,
FCI, and PCMCI. The differences across causal discovery algorithms are within 0.01 for all horizons.

PC-based FCI-based PCMClI-based
MSE MAE | MSE MAE | MSE MAE

96 0.372 0399 | 0374 0.399 | 0.372 0.400
192 0429 0.426 | 0.428 0.425 | 0430 0.426
336 0.464 0.449 | 0.464 0.450 | 0.463 0.447
720 0495 0.483 | 0.496 0.485 | 0.494 0.483

Horizon

Table 10: Adjacency matrices extracted by PC from training, test, and full ETTh1 datasets. Here
—1 denotes a directed edge from the row variable to the column variable, 0 indicates no edge, and 1
denotes the opposite direction.

Train/Test/All | 1 2 3 4 5 6 7
1 o/0/0  -101  o0/-11  -1/-1-1 1/-1/-1 1/-1/0  0/0/0
2 1/0/-1  0/0/0 0/-1/0  -1/-1/1 1/111 1/0/1 1711
3 0/1/-1  0/1/0 o/0/0  -1/-1/1  1-11  1/-1/71  -1/0/0
4 1711 1/1/-1 1/1/-1 0/0/0 1/0/0  1/1/0 1/0/1
5 -1/t -1/-1/-1 -1/1/-1  -1/0/0 0/0/0  0/-1/1  -1/-1/-1
6 -0 -1/0/-1  -1/1/-1 -1/-1/0  0/-1/-1  0/0/0  0/-1/0
7 0/0/0 -1/-1/-1  1/0/0  -1/0/-1 /171 0/1/0 0/0/0

by retaining only those edges that appear in at least six of the ten estimated graphs. Appendix
Tables[TT]and[I2]report the adjacency matrices of the single PC graph, the ensemble graph, and the
bootstrap graph, as well as the corresponding forecasting results when each serves as the structural
prior for CAIFormer. Compared with the single PC-based graph, the ensemble DAG leads to a slight
degradation in forecasting performance across all horizons, while the bootstrap-based DAG produces
a more marked degradation. We attribute this behavior to the fact that bootstrapping substantially
reduces the effective sample size for each causal discovery run, injecting additional statistical noise
into the estimated structures; although majority voting mitigates some of this variability, the resulting
graph is still less reliable than a single DAG learned from the full dataset.

Table 11: Adjacency matrices estimated by PC, ensemble voting, and bootstrap aggregation on
ETThl. Entries —1/0/1 denote a directed edge from row to column, no edge, and the opposite
direction, respectively.

PC/Ensemble / Bootstrap | 1 2 3 4 5 6 7
1 0/0/0  -1/1/0 0/0/1 -1/-1/-1  1/1/-1  1/1/-1  0/0/0
2 1/-1/0  0/0/0 0/0/0 -1/-171 1/1/0 1/1/0  1/1/-1
3 0/0/-1 0/0/0 0/0/0 -1/-1/1 17111 1/1/0  -1/-1/0
4 1/1/1 1/1/-1 1/1/-1 0/0/0 1/0/0  1/1/0  1/1/1
5 -1/-111 -1/-1/0  -1/-1/-1  -1/0/0 0/0/0  0/0/1  -1/-1/0
6 -1/~ -1-1/0  -1/-1/0  -1/-1/0  0/~-1/-1  0/0/0  0/0/-1
7 0/0/0  -1/-1/1 1/1/0  -1/-1/-1  1/1/0  0/0/1 0/0/0

J EFFECT OF LOOK-BACK WINDOW LENGTH

Prior studies (Liu et al, 2024} [Nie et al, [2023)) demonstrate that longer historical windows can
improve forecasting accuracy. To verify this trend for CAIFormer, we fix the prediction horizon to
96 and vary the input window length from {96,192, 336, 512} on the Traffic dataset. The results
are illustrated in Fig. El As the look-back window increases, the MSE consistently decreases,
confirming that CAIFormer benefits from extended historical information in a manner similar to prior
Transformer-based methods.
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Table 12: Forecasting performance of CAIFormer on ETTh1 when using PC-based, ensemble-based,
or bootstrap-based DAGs (input length = 96). Ensemble and bootstrap aggregation do not improve
performance and instead introduce noticeable degradation.

PC-based Ensemble-based | Bootstrap-based
MSE MAE | MSE MAE | MSE MAE

96 0.372 0399 | 0382 0.405 | 0402 0421
192 0429 0426 | 0.437 0434 | 0465 0.459
336 0464 0.449 | 0.480 0.461 | 0.510 0.492
720 0495 0483 | 0511  0.493 | 0.559 0.531

Horizon

Effect of Look-back Window Length (Traffic dataset)

0.385 -
0.380

w 03751

S

= 0.370 A
0.365 -

0.360 -

96 192 336 512
Input window length (T)

Figure 5: Effect of look-back window length on the Traffic dataset (prediction window = 96).

K COMPARE WITH CAUSAL TSF METHOD

We also compare with recent causal inference-based forecasting methods. In particular, we include
Causal-TSF (Gong et al.,[2025) as a representative baseline, and follow its experimental setting and
evaluation metrics to ensure consistency. On the Traffic dataset, CAIFormer achieves consistently
lower RSE and higher CORR across forecasting horizons (Table [I3)), highlighting the benefit of
incorporating causal structures into forecasting.

Table 13: Comparison with a causal inference-based TSF method (Traffic dataset).

Methods Metric 3 6 12 24

Causal-TSF~ RSE|  0.4012 0.4181 0.4290 0.4349
CORR7T 0.9033 0.8951 0.8892 0.8847
CAlFormer RSE| 03596 03711 0.3822 0.3885
CORR?T 09422 009175 0.9018 0.8984

L CoMPARE WITH CI TSF METHOD

Multivariate time series forecasting methods can be divided into channel-independent (CI) and
channel-dependent (CD) approaches. CI methods (e.g., DLinear, PatchTST) treat each variable
independently, while CD methods explicitly model inter-variable dependencies. Following prior
literature, we include strong CI baselines, and also three representative CD models: iTransformer,
Crossformer, and TiDE.

In addition, we compare with TimeXer (Wang et al., [2024)), a recent CD method for large-scale
multivariate forecasting. Table [I4]reports results on the ECL and Traffic datasets, both with a large
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number of variables. CAIFormer consistently outperforms TimeXer across all horizons in both MSE
and MAE, highlighting the effectiveness of causal masks for capturing inter-variable relationships.

Table 14: Comparison with CD baseline TimeXer on ECL and Traffic datasets.

Dataset Horizon CAIFormer TimeXer
MSE MAE MSE MAE
ECL 96 0.139 0.235 0.140 0.242

192 0.155 0.245 0.157 0.256
336 0.171 0262 0.176 0.275
720 0.209 0303 0.211 0.306
Avg 0.168 0.261 0.171 0.270

Traffic 96 0.388 0.261 0.428 0.271
192 0411 0.269 0.448 0.282
336 0424 0276 0473 0.289
720 0461 0.297 0.516 0.307
Avg 0421 0.280 0.466 0.287

M HARD PROCESSING OF ABLATION SCS VARIABLES

In our framework, variables in the SCS (Spurious Correlation Set) are defined under structural
causal models as having no direct causal effect on the target variable. Therefore, SCS variables,
as unnecessary signals, may introduce additional spurious correlations if included in the predictive
model. Given this, this paper employs a "hard removal" strategy to completely remove SCS variables
from the model input. From a causal perspective, excluding SCS variables is the most direct way
to enforce the causal semantics implied by the discovered DAG. If a variable is determined to be
irrelevant to the target variable, providing it to the model, even with strong regularization, may lead to
the model exploiting spurious temporal correlations. This hard removal design reflects the intention
to ensure the model strictly conforms to the causal structure and avoids unnecessary confounding
signals.

To validate the rationale for this setup, we designed an explicit test. In addition to the existing three
modules ESPB, DCSPB, and CCSPB, we added an extra module, SCSPB, which only accepts SCS
variables. We then fused the predictions from all four modules to obtain the final output. Unlike
hard removal strategies, this "mild" approach allows the model to access SCS variables and relies
on the model architecture to learn to ignore or reduce their weights. We evaluated CAIFormer and
CAIFormer+SCSPB on ETTh1 and ETTm1 using prediction periods {96, 192, 336, 720}. The results
are summarized in Table [[3

Table 15: Comparison between CAlIFormer (hard removal of SCS variables) and CAIFormer+SCSPB
(soft handling). Adding SCSPB consistently leads to slightly worse MSE/MAE across datasets and
horizons.

. ETThl ETTm!
Model ‘M"mc 9% 192 336 720 ‘ 9% 192 336 720
MSE | 0372 0429 0464 0495 | 0327 0361 0391 0449
CAlFormer

MAE | 0.399 0426 0449 0483 | 0.364 0377 0.402 0.437
MSE ‘0.380 0433  0.469 0.499 ‘ 0.332 0369 0401 0.458

CAIF"rm"”SCSPB‘ MAE | 0401 0433 0452 0487 | 0367 0381 0408 0444

N CAUSAL DISCOVERY ALGORITHM

In this section, we detail the Peter-Clark (PC) algorithm (Algorithm 2) used for causal discovery. The
PC algorithm assumes that the data are sampled from a faithful joint distribution P over a variable
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set V; that is, every conditional independence in P corresponds to d-separation in the true causal
DAG, and vice-versa. The outcome is a completed partially directed acyclic graph (CPDAG), denoted
H(P). A CPDAG represents the entire Markov-equivalence class of the true (but unobserved) causal
DAG: edges that are compelled in every member of the class appear directed, whereas reversible
edges remain undirected. In this mixed graph, oriented edges encode compelled causal directions,
whereas undirected edges denote Markov-equivalent ambiguities.

Algorithm 2 Causal Discovery Algorithm-PC

Input: P, a stable distribution on a set V of variables;
Output: A pattern H(P) compatible with P.
1: Initialize complete undirected graph G on V'

2: depth « 0

3: repeat

4:  for each ordered pair (a, b) adjacent in G do

5: for each § € Adj(a) \ {b} with |S| =depth do

6: if o 1L b| Sin P then

7: Remove edge a—b from G; Sepset[a][b] « S
8: break

9: end if
10: end for
11:  end for

12:  depth « depth+1

13: until no edge removed at current depth

14: for each non-adjacent a, b with common neighbor ¢ do
15:  if ¢ ¢ Sepset[a][b] then

16: Orienta - c < b (v-structure)
17.  endif
18: end for

19: while any Meek rule applies without creating a cycle do
20:  Orient the corresponding edge

21: end while )

22: return G as CPDAG H (P)

O VALIDATION OF LINEAR VS. NONLINEAR PC

The PC algorithm is not restricted to linear dependence measures; its conditional independence tests
can be replaced by nonlinear alternatives, such as kernel-based tests. To assess whether this choice
affects CAIFormer’s performance, we additionally ran experiments with a nonlinear-PC variant on
six benchmark datasets. Table[T6|reports the MSE and MAE results. Across all datasets and horizons,
the differences between the linear and nonlinear variants are within 0.01 on average, confirming that
the choice of linear-PC in our main experiments is sufficient and does not affect the conclusions.

Table 16: CAIFormer results with nonlinear-PC algorithm (MSE/MAE).

Dataset Horizon MSE MAE

ETTml Avg 0.379 0.398
ETTm2 Avg 0.276  0.319
ETTh1 Avg 0.440 0.438
ETTh2 Avg 0.384 0.408

Exchange Avg 0.339 0.395
Weather Avg 0.239 0.265
ECL Avg 0.161 0.255
Traffic Avg 0415 0.264
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P CAUSAL DISCOVERY VISUALIZATION

Figure [6]displays the DAGs discovered by the PC algorithm on six datasets (ETTh1, ETTh2, ETTml,
ETTm?2, Exchange, and Weather). Directed edges denote compelled causal relations, whereas
undirected edges mark orientational ambiguity. We use ETTh1, ETTh2, and Weather datasets as
illustrating examples. Beyond the statistical visualization in Figure [6] the discovered structures
also align with variable semantics. For example, in the ETT datasets we consistently observe
X4 = X5 « Xg, where medium and low loads jointly influence high load. This reflects the known
interactions among load levels in power systems, which are critical for grid stability. In the Exchange
dataset, a structure X, — X3 « Xj indicates that two USD—currency exchange rates jointly affect
a third one, capturing triangular relations commonly seen in foreign exchange markets. These
examples demonstrate that the extracted DAGs are not only statistically reliable but also consistent
with practical domain knowledge.

(a) Weather (b) Exchange

(c) ETTh1 (d) ETTh2 (e) ETTm1

Figure 6: Visualization of causal DAGs discovered by the PC algorithm across different datasets.
Directed edges indicate inferred causal relationships between variables, while undirected edges
indicate uncertainty regarding causal direction. The results cover six datasets: (a) Weather,(b)
Exchange, (c) ETTh1, (d) ETTh2, (¢) ETTml, and (f) ETTm?2.

Building on these causal graphs, we derive the three masks required by CAIFormer (D ;a5x, C'Smasks
and S.)- Their heatmap visualizations in Figure [7]show clear structural patterns: some variables
lack direct causal parents, while others do not have indirect auxiliary variables. This explains why, as
reported in Table 2] disabling any single module causes a noticeable drop in forecasting accuracy.

To further support interpretability, we also present the masks and attention scores as Figure 8] where
darker or warmer colors highlight stronger causal relevance. These visualizations make the DCS/CCS
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separation more transparent, showing that CAIFormer assigns higher weights to variables with
plausible causal impact while suppressing irrelevant ones, in line with domain knowledge.

DCS attention heatmap (ETTh2) CCS attention heatmap (ETTh2)
10.0
7.5
0
2 4
5.0
§4_ ; 0.0
£ 1o £ -25
g 57 3 ’
-5.0
61 -15
-7.5
74
1 2 3 4 5 6 7
Variable index (j) Variable index (j)
(a) DCS attention heatmap on ETTh2 (b) CCS attention heatmap on ETTh2

Figure 8: Visualization of DCS and CCS attention maps on ETTh2. Warmer colors indicate higher
attention, while blank cells denote masked values.

Q FORECASTING RESULTS COMPARISON

Figure [0 compares CAIFormer (input window 96, prediction 96) with iTransformer and PatchTST on
ETThl, ETTh2, and Weather.

R DETAILED DEFINITIONS AND CAUSAL MASKS

We provide detailed definitions and the formulas for the causal relationships and masks used in the

main method. Specifically, we define the sets and masks for each target variable V; based on the

DxD

adjacency matrix Wygim € {—1,0, 1} , as follows:

« Direct Parents: S; = {V, | Wagimlpl[i] = —1}, the set of variables that have edges
pointing to V;.

* Direct Children: S = {Vi | Wagin[i1[k] = =1, Wagm[s][k] # —1, Vs # i}, the set of
variables that are children of V; but have no other parents.

¢ Colliders: SLC = {VC | Wadjm[i]l:cj = _17 ds # i, Wadjm[S][C] = _17 Dmask[i][s] * 1}7
the set of variables that are colliders, receiving edges from both V; and at least one other
variable.

« Spouse Variables: S° = {V, | Wadgim[s1[c] = =1, s # i, Dpai[2][s] # 1}, the set of
spouse variables for each collider.

The masks for each causal relationship are defined as follows:
* Direct Causal Mask: D, [][j] = 1if V; € S or V; € S/, and 0 otherwise.
¢ Collider Mask: C'S,,,q[i][j] = 1if V; € SE or V; € S?, and 0 otherwise.

* Spouse Mask: S, [i][j]=1ifV; € S?, and 0 otherwise.
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Figure 9: Visualization of forecasting results for the ETTh1, ETTh2 and Weather dataset under the
input-96-predict-96 setting.
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Table 17: Wall-clock time of running different causal discovery algorithms on three representative
datasets.

Dataset PC FCI PCMCI

ETThl 10s 8s 12s
Weather 34s 19s 41s
ECL 35min  3min  22min

S RUNTIME ANALYSIS OF CAUSAL DISCOVERY METHODS

To complement the end-to-end efficiency results reported in the main text, we also measure the stand-
alone runtime of common causal discovery algorithms on three representative datasets. Table [I7]
reports the wall-clock time of running PC, FCI, and PCMCI on ETTh1, Weather, and ECL using our
hardware. For small and medium-scale datasets such as ETTh1 and Weather, all methods finish within
a few tens of seconds, making the preprocessing overhead negligible compared to model training.
For larger and higher-dimensional datasets such as ECL, the runtime increases to several minutes,
most notably for PC and PCMCI. However, this cost is incurred once as an offline preprocessing step
and can be amortized over repeated training or deployment. Overall, the causal discovery overhead
remains moderate in practice and does not limit the applicability of CAIFormer.

v v
20 230
b . “
200
V3 150 v3
L 150 &
va 2w 8
100 = &
vs vs

(a) ETTh2 (o) ETTm2

Figure 10: Visualization of Granger causality across variables in ETTh2, ETTm2. Each heatmap
shows the transformed causal strength matrix using — log( P) values, where a darker color indicates a
stronger causal influence from the row variable to the column variable. Diagonal entries are masked.
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Table 18: Multivariate time series forecasting results with prediction lengths S € {96,192, 336, 720}
and fixed lookback length 7' = 96. The best results in bold, the second underlined, and “~" denote

metrics not reported in the original papers.

result.

The lower MSE/MAE indicates a more accurate prediction

Models  CAIFormer
ot " (Ours)

P] i' i i Ii' Cu]iiii[cr i ; Tj Iii'ct i i i. FE| ii'rcn
2023 2023 2023 2023 2023 2023 2022
MSE _MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

Al er
21
MSE _MAE

Metric MAE MAE | MSE MSE _MAE | MSE MAE
— % 0.364 0.364 | 0466 0327 0367 0345 0372
E 1 0377 0383 | 0484 0374 0395 0380 0389
£ 33 0402 | 0402 0409 0469 | 0401 0408 0413 0413
=2 720 0437 | 0469 0446 0498 | 0479 0456 0474 0453
Ave 0.395 | 0391 0400 0466 ] 0395 0406 0403 0407
a 9% 0.255 | 0.178  0.260 | 0.196 0.286 | 0.170 0.255 0.193  0.292
E 192 0302 | 0242 0303 | 0252 0323 | 0235 029 0284 0362
£ 336 0303 0342 | 0306 0354 | 0.297 0, 0369 0427
=270 0400 0399 | 0.391 0404 | 0401 0.397 0554 0522
Ave 0326 ] 02860341 | 0276 0.321 0350 0401
— 9% 0.398 | 0.384 0.408 | 0.398 0.413 0.386 0.400
E 192 0429 | 0409 0426 | 0.423 0423 0437 0432
; 336 0.450 | 0.417 0.433 | 0.484  0.461 0.481 0459
=70 0474 | 0432 0454 | 0488 0476 0519 0516
Avg 0.439 0.438 | 0.410  0.430 | 0.448 0.443 .45 0456 0.452
o 9% 0.344 0.345 | 0.282 4 0313 0355 3 0. 0.338 S5 0333 0.387
= 192 0.398 0.394 | 0.334 4 | 0405 0410 .3 5 0477 0476
= 336 0.430 | C 0.431 | 0.355 . 0392 0415 3 . 3 0594 0.541
=70 0442 | 0427 0.445 | 0395 0.410 3 0831 0657
Avg 0403 | 0403 | 03410391 | 0380 0403 | | 398 | | | | 0559 0515 | |
g 9 0.201 | 0.085 - - 0.083  0.205 3 0. 0.088 0.218
g 192 0.295 | 0.178 2! - - 0.1 0.297 9 .3 . 0.176 0315
—:5 336 0.395 | 0.328 4 - - 0.310 .43 3 0313 0427
Z 10 0.688 | 0.817 - - |1oi 03839 0695
Avg 0395 [ 0352 0399 | -~ 0395 | | 417 | | | | 03540414 | |
5 9 0.205 | 0.166  0.207 0.228 3 0.196  0.255
= 192 0.243 0.254 | C 0.269 0237 0.296
5 336 0.285 0.296 0304 0283 0335
Z 720 0.340 0346 0.350 3 353 0345 0381
Avg 0268 | 0276 | 0248 0.287 | | | | | | | 02650317 | |
96 0.235 0.234 | 0.168 0271 | 0.149  0.236 0.197  0.282 0.
2 192 0. 0.183 0283 | 0.162 0.253 0.196  0.285
o 336 0.262 0.198  0.297 | 0200 0.310 0209 0.301
720 0303 0238 0329 | 0220 0320 2450333
Avg 0.261 0196 0295 | 0.183_0.280 02120300
L 9% 0261 T 0441 0333 | - B ) 0650 0396
£ 192 0.269 - 0456 0339 - ; 0598 0370
g 336 0276 - 0467 0344 - ; 0605 0373
= 70 0297 - 0503 0360 - . 0645 0394
Ave 0275 | - — 04660344 | - - 0760 0473 06250383
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