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▪ Many practical systems are described as dynamic 

networked systems, e.g. biological systems, 

electronic circuits, geographical systems, chemical 

reaction networks.

▪ Time-domain (TD) based causal discovery methods 

are computationally intensive.

o TD methods often involve estimating unrolled 

DAGs followed by rolling back which increases 

computational resource requirement.

o TD estimation of filters required for conditional 

independence test is computationally 

expensive.

▪ Materassi, Donatello, and Murti V. Salapaka. "Signal selection for estimation and identification in networks of dynamic systems: A graphical model approach." IEEE Transactions on Automatic 

Control 65, no. 10 (2019): 4138-4153.

▪ Spirtes, Peter, Clark N. Glymour, and Richard Scheines. Causation, prediction, and search. MIT press, 2000.

▪ Wang, Xuewei, Ru Wang, Fei Li, Qiang Lin, Xiaohu Zhao, and Zhenghui Hu. "Large-scale granger causal brain network based on resting-state fMRI data." Neuroscience 425 (2020): 169-180.

▪ Ji, J., Wang, T., Liu, J., Wang, M., & Tang, W. (2024). River runoff causal discovery with deep reinforcement learning: J. Ji et al. Applied Intelligence, 54(4), 3547-3565.

▪ Li, Dan, Ming Liu, Shengwei Gao, Yongjun Shi, Yihua Zhang, Zhiyong Li, Patrick Yin Chiang, Franco Maloberti, and Li Geng. "Low-noise broadband CMOS TIA based on multi-stage stagger-

tuned amplifier for high-speed high-sensitivity optical communication." IEEE Transactions on Circuits and Systems I: Regular Papers 66, no. 10 (2019): 3676-3689.

▪ Rana, M. T., Veedu, M. S., & Salapaka, M. V. (2025). Uncovering the Influence Flow Model of Transistor Amplifiers, Its Reconstruction and Application. arXiv preprint arXiv:2508.04977.

▪ Biswas, R., & Shlizerman, E. (2022). Statistical perspective on functional and causal neural connectomics: The Time-Aware PC algorithm. PLOS Computational Biology, 18(11), e1010653.
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▪ Linear Dynamic Influence Model (LDIM, (𝐻, ℰ)): 
Network of dynamic systems expressed as 𝑋 𝜔 =
𝐻 𝜔 𝑋 𝜔 + ℰ(𝜔) with,

o 𝑋 𝜔 : Fourier transform of 𝑛 × 1 vector of 

measured timeseries 𝑥 𝑡 ,
o 𝐻(𝜔): 𝑛 × 𝑛 transfer matrix,

o ℰ(𝜔): Fourier transform of 𝑛 × 1 vector of wide-

sense stationary inputs with diagonal power 

spectral density, 𝛷ℰℰ(𝜔).

▪ Generative Graph: Directed graph Ԧ𝐺 = (𝑉, 𝐸) is 

generative graph associated with LDIM (𝐻, ℰ) if 𝐸 =
{(𝑋𝑖 , 𝑋𝑗)|𝐻𝑗𝑖 ≠ 0}

▪ Problem Statement:

o Given timeseries measurements 𝑥(𝑡) from LDIM.

o Evaluate computational complexity of TD vs FD 

based causal discovery.

o Develop efficient causal discovery algorithms. 
▪ Materassi, Donatello, and Murti V. Salapaka. "Signal selection for estimation and identification in networks of dynamic systems: A graphical model approach." IEEE Transactions on Automatic 

Control 65, no. 10 (2019): 4138-4153.
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▪ Given directed graph Ԧ𝐺 = 𝑉, Ԧℰ . For disjoint 𝑋, 𝑌, 𝑍 ⊂ 𝑉, 𝒅𝒔𝒆𝒑(𝑿, 𝒁, 𝒀) holds if at least one of following 

hold for all paths between 𝑥 and 𝑦 for every 𝑥 ∈ 𝑋, 𝑦 ∈ 𝑌.

o The path has a non-collider 𝑝 ∈ 𝑍.

o If 𝑞 is a collider in the path, then neither 𝑞 nor any of its descendants belong to 𝑍.

▪ For JWSS processes 𝑥 ∙ , and 𝑦 ∙ = [𝑦1 ∙ 𝑦2 ∙ … 𝑦𝑛 ∙ ], the minimum mean square estimate of 𝑥 ∙ from 

𝑦 ∙ is given in terms of the Wiener filter as

𝑋𝑦 𝜔 = 𝑊𝑥.𝑦 𝜔 𝑌 𝜔 = 𝑊𝑥.𝑦[𝑦1] 𝜔 …𝑊𝑥.𝑦[𝑦𝑛] 𝜔
𝑌1 𝜔
⋮

𝑌𝑛 𝜔
,

where 𝑊𝑥.𝑦 𝜔 = 𝛷𝑥𝑦 𝜔 𝛷𝑦𝑦
−1 𝜔 with 𝛷𝑥𝑦 𝜔 being the cross power spectral density of 𝑥 ∙ and 𝑦 ∙ .

▪ For LDIM: 𝑾𝒚.[𝒙,𝒁] [𝒙] 𝝎 = 𝟎 ⇐ 𝒅𝒔𝒆𝒑(𝒙, 𝒁, 𝒚) in corresponding generative graph.

▪ Faithfulness assumption: 𝑾𝒚.[𝒙,𝒁] [𝒙] 𝝎 = 𝟎 ⇒ 𝒅𝒔𝒆𝒑(𝒙, 𝒁, 𝒚).

▪ Spirtes, Peter, Clark N. Glymour, and Richard Scheines. Causation, prediction, and search. MIT press, 2000.

▪ Materassi, Donatello, and Murti V. Salapaka. "Signal selection for estimation and identification in networks of dynamic systems: A graphical model approach." IEEE Transactions on Automatic 

Control 65, no. 10 (2019): 4138-4153.
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▪ Given 𝑥 𝑡 𝑡=0
𝑇 , TD estimate, 𝑾𝒊.𝑪

(𝑻,𝑳)
𝝎 , of 𝑊𝑖.𝐶 𝜔 obtained by

o 𝛽∗ ≔ 𝑎𝑟𝑔 min
𝛽∈ℝ𝑚 2𝐿+1

1

𝑇+1
x𝑖 − y𝐶𝛽 2

2 , where 𝑖 ∈ 𝑉, 𝐶 = {𝑐1, … 𝑐𝑚} ⊂ 𝑉\{𝑖}, x𝑖 ≔ 𝑥𝑖 𝑇 − 𝐿 … 𝑥𝑖 𝐿
⊤

o 𝑾𝒊.𝑪
(𝑻,𝑳)

𝝎 = σ𝑘=−𝐿
𝐿 𝑤𝑖.𝐶

𝑇,𝐿
𝑘 𝑒−𝑗𝜔𝑘 , where 𝑤𝑖.𝐶

𝑇,𝐿
is rearrangement of 𝛽∗ into (2𝐿 + 1) × 𝑚.

Here,

y𝐶 ≔

𝑥𝑐1 𝑇 𝑥𝑐1 𝑇 − 1 … 𝑥𝑐1 𝑇 − 2𝐿 … 𝑥𝑐𝑚 𝑇 … 𝑥𝑐𝑚 𝑇 − 2𝐿

𝑥𝑐1 𝑇 − 1 𝑥𝑐1 𝑇 − 2 … 𝑥𝑐1 𝑇 − 2𝐿 − 1 … 𝑥𝑐𝑚 𝑇 − 1 … 𝑥𝑐𝑚 𝑇 − 2𝐿 − 1
⋮

𝑥𝑐1 2𝐿
⋮

𝑥𝑐1 2𝐿 − 1
⋮
…

⋮
𝑥𝑐1 0

⋮
…

⋮
𝑥𝑐𝑚 2𝐿

⋮
…

⋮
𝑥𝑐𝑚 0

▪ Complexity of computing TD least square estimate is 𝑶 𝑻𝒎𝟐𝑳𝟐 .

▪ FD estimate, 𝑾𝒊.𝑪
(𝒇)

𝝎𝒌 , of 𝑊𝑖|𝐶 𝜔𝑘 obtained by 𝑊𝑖.𝐶
(𝑓)

𝜔𝑘 ≔ 𝑎𝑟𝑔 min
𝛽∈ℂ 𝐶

𝑁

𝑇
𝒳𝑖 𝜔𝑘 −𝒳𝐶 𝜔𝑘 𝛽 2

2 , where 

𝜔𝑘 =
2𝜋𝑘

𝑁
, 𝑁 = 2𝑎 , 𝑎 ∈ ℕ, and 𝒳𝑖 𝜔𝑘 and 𝒳𝐶 𝜔𝑘 are FFT of data.

▪ Complexity of estimating FD estimate is 𝑶 𝑻𝒎𝟐 𝐥𝐨𝐠𝑵 .

▪ FD approach provides 𝑶
𝑳𝟐

𝐥𝐨𝐠 𝑵
improvement over TD.
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Wiener-PC Algorithm

Input: Data 𝒳 𝜔 ,𝜔𝑘 ∈ Ω𝑁, 𝑞.
Output: ෠𝐺.
1. Initialize the sets, 𝒮 ⟵ fully connected undirected edge set, 

𝐶𝑜𝑙 ⟵ {}, 𝐷𝑆 ⟵ {}, 𝐸𝑒𝑠𝑡 ⟵ .
2. For 𝑖 = 1,… , 𝑛

a) For 𝑗 = 1,… , 𝑛, and 𝑗 < 𝑖
i. Initialize 𝐷 ⟵ 𝑉\{𝑖, 𝑗}
ii. For 𝑘 = 0,… , 𝑞 − 1

❖ For 𝑧 in 𝑐𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑠 𝐷, 𝑘

▪ If 𝑊𝑖.[𝑗,𝑍][𝑗] 𝜔𝑘 < 𝜏

o 𝐷𝑆 𝑖, 𝑗 ⟵ 𝑧
o Delete (𝑖, 𝑗) from 𝒮
o break

▪ If 𝑧 ≥ 𝑞 − 1, then 𝐷𝑆 𝑖, 𝑗 ⟵ −1
3. For 𝑖, 𝑗 ∈ 𝑉 × 𝑉 and 𝑖 < 𝑗

a) If 𝑖, 𝑗 ∈ 𝒮, then 𝐸𝑒𝑠𝑡 𝑖, 𝑗 ⟵ 1 and 𝐸𝑒𝑠𝑡 𝑖, 𝑗 ⟵ −1
4. For 𝑖, 𝑗 ∈ 𝑉 × 𝑉 and 𝑖 < 𝑗

a) For 𝑘 = 𝑗 + 1, … , 𝑛
i. If 𝑖, 𝑘 ∈ 𝒮 and 𝑖, 𝑗 ∈ 𝒮 and 𝑖 ∉ 𝑗, 𝑘

❖ If 𝐷𝑆 𝑗, 𝑘 > −1 and 𝑖 ∉ 𝐷𝐶 𝑗, 𝑘
▪ 𝐶𝑜𝑙 ⟵ 𝐶𝑜𝑙 ∪ 𝑖
▪ 𝐸𝑒𝑠𝑡 𝑗, 𝑖 ⟵ 0
▪ 𝐸𝑒𝑠𝑡 𝑘, 𝑖 ⟵ 0

5. For 𝑖, 𝑗 ∈ 𝑉 × 𝑉
a) If 𝑖, 𝑗 ∈ 𝐸𝑒𝑠𝑡 and 𝑗, 𝑖 ∈ 𝐸𝑒𝑠𝑡

❖ Fix the orientation of as many possible such that 
there are no directed cycles or new colliders.

6. Return ෠𝐺 = (𝑉, 𝐸𝑒𝑠𝑡)

Wiener-Phase Algorithm

Input: Data 𝒳 𝜔 ,𝜔𝑘 ∈ Ω𝑁,.
Output: ෠𝐺.
1. Initialize the ordering, 𝒮 ⟵() 
2. For 𝑖 = 1, … , 𝑛

a) Compute 𝑊𝑖. ҧ𝑖
𝑓
(𝜔𝑘)

b) For 𝑗 = 1,… , 𝑛

i. If 𝑊𝑖. ҧ𝑖
𝑓
𝑗 𝜔𝑘 > 𝜏, then 𝒦 ⟵𝒦 ∪ {𝑖, 𝑗}

ii. If ℑ 𝑊𝑖. ҧ𝑖
𝑓
𝑗 𝜔𝑘 > 𝜏, then 𝒮 ⟵ 𝒮 ∪ {𝑖, 𝑗}

3. Compute 𝒮𝒫 ≔ 𝒦\𝒮
4. For 𝑖, 𝑗 ∈ 𝒮𝒫

a) For 𝑘 = 1,… , 𝑛
i. If 𝑖, 𝑘 ∈ 𝒮 and 𝑗, 𝑗 ∈ 𝒮

❖ 𝐶𝑖𝑗 ⟵ 𝐶𝑖𝑗 ∪ 𝑘

b) If 𝐶𝑖𝑗 = 1, then 𝐶𝑜𝑙 ⟵ 𝐶𝑜𝑙 ∪ 𝑘

c) Else: for 𝑐 ∈ 𝐶𝑖𝑗 compute 𝑊𝑖.[𝑗,𝐶] 𝜔𝑘

i. If 𝑊𝑖. 𝑗,𝑍 𝑗 𝜔𝑘 > 𝜏 then 𝐶𝑜𝑙 ⟵ 𝐶𝑜𝑙 ∪ 𝑐

5. Return ෠𝐺 = (𝑉, 𝐸𝑒𝑠𝑡)

▪ Complexity of TD Wiener-PC is 𝑶 𝑻𝒏𝒒+𝟑𝑳𝟐

▪ Complexity of FD Wiener-PC is 𝑶 𝑻𝒏𝒒+𝟑 𝐥𝐨𝐠𝑵

▪ Complexity of Wiener-Phase is 𝑶 𝒏𝟑 𝑻 𝐥𝐨𝐠𝑵 + 𝒒𝟐

▪ Wiener-Phase is most efficient followed by FD and TD Wiener-PC.

▪ Wiener-Phase algorithm uses phase property of FD Wiener filters.

o TD WF has no such property to be exploited.
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▪ Proposed algorithms are compared on synthetic data 

generated using 25 random DAGs.

▪ Data generative model:

𝑥𝑖 𝑡 + 𝑎𝑖 1 𝑥𝑖 𝑡 − 1 + 𝑎𝑖 2 𝑥𝑖 𝑡 − 2

+ 𝑎𝑖 3 𝑥𝑖 𝑡 − 3 =෍

𝑗≠𝑖

𝑏𝑖𝑗𝑥𝑗(𝑡 − 1) + 𝑒𝑖 𝑡 ,

Here, 𝑒𝑖 𝑡 ~𝒩 0,1 , 𝑏𝑖𝑗~𝑈 0.2,0.4 .

▪ FD Wiener-PC is best in terms of accuracy and 

robustness.

▪ Wiener-Phase is the fastest algorithm among the three.

▪ TD Wiener-PC is out performed by both of the FD 

algorithms in terms of accuracy and efficiency. 
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▪ Baselines are Fisher-Z based PC, CD-

NOD, Granger Causality, and Time 

Aware PC.

▪ Comparison with baselines using a 

20 nodes synthetic dataset, real-

world river-runoff data, physical 

hardware based MOSFET and BJT 

circuit data.

▪ MOSFET and BJT hardware datasets 

are time-series voltage 

measurements (sampled at 1Ms/s) at 

the drain and collector nodes of the 

circuits. 

▪ Proposed FD algorithms outperform 

most baselines in terms of accuracy.

▪ Most accurate baseline, TPC, is 

outperformed by proposed 

algorithms on most datasets.
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