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ABSTRACT
Causal inference among groups of time series is crucial for under-
standing complex systems like brain networks and climate dynam-
ics. Existing methods often rely on simple aggregation to repre-
sent groups, leading to significant information loss and suboptimal
causal discovery. We propose CausalKGR, a novel framework that
learns expressive latent representations for Granger causal discov-
ery. By introducing a Knowledge-Conditional Attention mecha-
nism, CausalKGR distills temporal knowledge into a compact la-
tent space, capturing both intra-group dynamics and inter-group
interactions. Extensive experiments on synthetic and real-world
datasets demonstrate that CausalKGR significantly outperforms
state-of-the-art baselines in accuracy and interpretability.
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1 INTRODUCTION
Understanding causal relationships among groups of time series
(TS) is critical in complex systems such as geography [18], genetics
[17], and biology [24]. In many real-world applications, causal
interactions occur at the "group" granularity rather than between
individual time series. For instance, in neuroscience, fMRI-derived
Regions of Interest represent functionally homogeneous voxels
[2, 11], and analyzing collective behavior across these regions offers
more interpretable insights than micro-level graphs [22].

However, effectively capturing these group dynamics remains
a challenge. Existing methods generally fall into two categories:
condensing micro-level causal graphs (which is computationally
expensive) or treating groups as atomic units using vectorized
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Figure 1: Illustration of the network architecture of the
CausalKGR.

operations. These approaches suffer from two critical limitations
leading to information bottlenecks:

1. Group Knowledge Loss. A group consisting of 𝑝𝑖 time se-
ries is often reduced to a single sequence using linear aggregation
methods like mean aggregation [9] or Principal Component Analy-
sis (PCA) [25]. These unsupervised techniques frequently discard
crucial group-specific information and struggle to capture complex,
nonlinear intra-group dependencies.

2. Causal Knowledge Loss. In the context of Granger causality,
relationships are inferred via predictive modeling within a specific
look-back window. Critical causal features that fall outside this
window are often excluded, compromising the analysis [4, 19].
Conversely, including all prior temporal points to capture these
features can prohibitively increase computational costs and obscure
the most relevant causal signals [6, 10].

To address these challenges, we propose CausalKGR, a novel
framework that integrates group representation learning with Gran-
ger causal discovery. Unlike previous methods, CausalKGR does not
simply compress data; it distills temporal knowledge into a high-
dimensional latent space optimized for reconstructing the system’s
dynamics. We introduce a Knowledge-Conditional Attention mech-
anism to enhance the expression of key causal features. CausalKGR
ensembles two rounds of self-supervised learning—encoding local
intra-group dynamics and fusing global inter-group interactions—to
generate representations that serve as compact, expressive condi-
tions for identifying interpretable causal graphs.

2 PROBLEM DEFINITION
Consider𝑚 groups of multivariate time series, where the 𝑖-th group
contains 𝑝𝑖 observed time series: 𝑋𝑖 = (𝑋𝑖,1, . . . , 𝑋𝑖,𝑝𝑖 ) ∈ R𝑇×𝑝𝑖 .
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The objective is twofold: (1) Learn a high-level representation
𝑋̃𝑖 for each group. (2) Infer a directed group-level Granger causal
graph 𝐺 = (𝑉 , 𝐸) among these representations [3].

Group 𝑗 is said to Granger-cause group 𝑖 if past of 𝑋̃ 𝑗 provide
significant predictive information about 𝑋̃𝑖 beyond other groups.

3 THE CAUSALKGR FRAMEWORK
CausalKGR consists of three key components: local dynamics encod-
ing, global interactions fusion, and knowledge-conditional Granger
causal discovery, as illustrated in Fig. 1.

3.1 Local Dynamics Encoding
To capture the specific dynamics within each group, we employ
a Transformer-based Variational Autoencoder. The encoder first
embeds the 𝑝𝑖 TS of group 𝑖 into temporal tokens and maps them
to a latent-space distribution, sampling latent variables 𝑧 via the
reparameterization trick to encode intra-group dynamics.

A critical innovation in the decoding phase is the Knowledge-
Conditional Attention (KCA) mechanism. Unlike standard self-
attention [20], KCA explicitly utilizes the learned latent variables as
a "knowledge condition." Specifically, the Keys (𝐾) and Values (𝑉 )
are derived from the latent variables 𝑧, while the Queries (𝑄) are pro-
jected from the input embeddings [8, 13]. This forces themodel to re-
construct the group dynamics based heavily on the condensed latent
knowledge: KCA𝑙𝑜𝑐𝑎𝑙 (𝑄,𝐾,𝑉 ) = Attention(𝑄, z⊤

𝐾
, z𝑉 ). 𝑄 ∈ R𝑇×𝑑

are the original input embeddings participating in self-attention;
𝐾 = z𝐾 ,𝑉 = z𝑉 ∈ R1×𝑑 are sampled from the latent space of each
corresponding group.

3.2 Global Interactions Fusion
Solely encoding local dynamics is insufficient for capturing com-
plex system-wide behaviors. To address this, we introduce a Global
Interactions Fusion module that integrates inter-group dependen-
cies by aggregating latent features from all𝑚 groups. Specifically,
we sample latent variables z𝑖 from the 𝑚 local latent spaces to
construct global context matrices Z𝐾 = (z1

𝐾
, · · · , z𝑚

𝐾
) and Z𝑉 =

(z1
𝑉
, · · · , z𝑚

𝑉
) ∈ R𝑚×𝑑 . These global features are fused with the local

group features via a global KCA layer. In this formulation, the atten-
tion mechanism concatenates the global latent context with the lo-
cal representations to guide the reconstruction: KCA𝑔𝑙𝑜𝑏𝑎𝑙 (𝑄,𝐾,𝑉 ) =
Attention(𝑄, [Z⊤

𝐾
;𝐾], [Z𝑉 ;𝑉 ]). [·; ·] denotes row-wise concatena-

tion. The network is optimized via a composite loss functionL𝑔𝑙𝑜𝑏𝑎𝑙
that combines reconstruction error (MSE and 𝐿1 norm), a Fast
Fourier Transform [15] loss to capture frequency-domain discrep-
ancies, and KL divergence for latent space regularization [12].

3.3 Knowledge-Conditional Granger Causal
Discovery

Once expressive representations are learned, we infer Granger
causality by modeling the temporal evolution of group representa-
tions[cite: 116]. We construct a nonlinear attention-based autore-
gressive predictor𝑔𝑖 for each group 𝑖: 𝑋̃ 𝑡𝑖 = 𝑔𝑖 (𝑋̃<𝑡

1 , . . . , 𝑋̃<𝑡
𝑚 )+𝑒𝑡𝑖 . To

ensure the resulting causal graph is sparse and interpretable, we im-
pose a Group Lasso penalty on the input weight matricesW0 of the

attention mechanism [19]. The training objective L𝐶𝑎𝑢𝑠𝑎𝑙𝐾𝐺𝑅 mini-
mizes the prediction error regularized by the column-wise 𝐿2 norms
of the input weights: L𝐶𝑎𝑢𝑠𝑎𝑙𝐾𝐺𝑅 =

∑
𝑡 ∥𝑋̃ 𝑡𝑖 −𝑋 𝑡𝑖 ∥22+𝜆

∑𝑚
𝑗=1 ∥W0

:𝑗 ∥2.
We optimize this objective via proximal gradient descent [16]. If the
proximal operator shrinks the column norm ∥W0

:𝑗 ∥2 to zero, group
𝑗 is deemed Granger non-causal to group 𝑖 . Notably, CausalKGR is
a general neural framework that can be applied directly to standard
multivariate time-series causal discovery by treating individual
series as single-variable groups.

4 EXPERIMENTS
We benchmarked CausalKGR against four state-of-the-art baselines:
GC (Standard Granger Causality) [5], 2GVCI [21], gCDMI [1], and
HGCRM [3].
Synthetic Data Performance. On both the linear VAR and non-
linear Lorenz-96 datasets, CausalKGR consistently achieved the
highest AUROC and AUPRC scores. Notably, in the chaotic Lorenz-
96 system, CausalKGR maintained robust performance (AUROC>
0.90) as the number of groups increased, whereas baseline methods
like HGCRM degraded significantly (AUROC ≈ 0.78). This demon-
strates CausalKGR’s superior ability to capture complex, nonlinear
inter-group interactions that traditional linear mappings fail.
Real-World Application: fMRI. We applied CausalKGR to a
resting-state fMRI dataset to decipher effective connectivity among
7 key Regions of Interest (ROIs) [14]. CausalKGR successfully iden-
tified the Posterior Cingulate Cortex (PCC) as a central functional
hub exerting causal influence on the Angular Gyrus (AG) and Mid-
dle Temporal Gyrus (MTG). These findings align with established
neuroscience literature [23]. In contrast, the baseline HGCRM failed
to detect the MTG → AG pathway, a connection previously vali-
dated in clinical studies of schizophrenia [7].
Ablation & Representation Analysis. To validate our architec-
tural contributions, we conducted extensive ablation studies. Re-
sults confirm that the GIF module is critical; removing it led to
a marked performance drop across all datasets, underscoring the
need to model system-wide joint distributions. Furthermore, we
evaluated the quality of learned representations by reconstructing
the original time series. CausalKGR’s representations preserved
more temporal dynamics and distributional features than standard
aggregation methods such as Mean, PCA, and MCCA [3], demon-
strating that CausalKGR effectively prevents group knowledge loss.

5 CONCLUSION
Wepresent CausalKGR, a unified framework for group-level Granger
causal discovery that integrates self-supervised representation learn-
ingwith sparse causal inference. By leveraging knowledge-conditional
attention and proximal optimization, CausalKGR effectively cap-
tures intra- and inter-group dynamicswhile producing interpretable
causal graphs. Extensive experiments demonstrate its superiority
on both synthetic and real-world datasets, making it a practical tool
for high-dimensional grouped time-series causal analysis.
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