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M. Takayama, T. Okuda, T. Pham, T. Ikenoue, S. Fukuma, S. Shimizu, A. Sannai.
Integrating large language models in causal discovery: a statistical causal approach.
Transactions on Machine Learning Research (TMLR), 2025.

® Statistical Causal PromptingZF 12 %

4" step: Retrying Causal Discovery
(with the constraints determined in 3 step)

15t step: Data-Driven Causal Discovery
(without any constraints on the edges)

Input: Dataset Input: Dataset + constraints

Pollution _Smoker _ Cancer Xy __Dyspnoea )
Low True True True True Low. True True True True
High False True False True [ [

i Constraints i
Cancer— X-ray: forced, ray — Cancer.forbidden, efc.

Output: Causal Graph SCD: statistical causal disco
i Output: Modified Causal Graph

Not so plausible from Polien > Plausible both from domain
Cancer > Pallution > buthtdufmaw experts’ Cancer_> experts’ and statistical
point of view. aints of view!
CSmoker > Crar > B

Transforming the probability matrix generated in 3 step
into background knowledge for the causal discovery

3r step: Knowledge Integration and Evaluation o
the Probability of Causal Relationships with the LLM
\k J \

Input: prompts with the dialog in 2" step
Output: response with the qualitative discussion on @ | utput: <yes> or <no»with s tog probabity

[ \

" JMust likely response: Yes (log probabilty” -0.0408)
e most likely response: No (Iog probability: -3.219)
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2" step: Knowledge Generation on Causal
Relationships by the LLM with ZSCoT

Input: prompts with the result of causal discovery

resultshown above, i state of “cancer :
y ha ectimpacton ihe state of X-ray’. Please @
plausible with an explanation hatleverages your expert /I

/

Considering objectively this discussion above
if the state of ‘cancer”is changed. will it have 2
direct impact on the state of Kray™?

Please answer this question with <yes> or <no>_
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The proposed method of

generating prior knowledge

with SCP in GPT-4
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Modeling Causal Processes
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Otsuka, J., Hayashi, T., Yoshii, T., Saigo, H. (2025).
Modeling Causal Processes, Synthese. 206.
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Map of Large Language Models
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Factor analysis EF3 4

Terada, Y. (2026+) Statistical properties of matrix decomposition factor analysis,
conditionally accepted for Journal of Computational and Graphical Statistics.

Factor model: z = Af + ¢ = X :=Var(z) = AAT + U2

o x: p-dimensional observation, A € RP*™ : factor loading matrix with m < p

o f: m-dim random vector with E[f] = 0,,, Var(f) = I,, and E[fe"] = Opxp

o e: p-dim random vector with E[¢] = 0, and Var(e) = U2 = diag(o?,...,03)

Matrix Decomposition Factor Analysis (MDFA)

For & := [A, V] and Z := [F, E] (F € R"™*™ E e R"*r), F,E :nuisance params of size O(n)

n
L(®,7) = % X, — (PAT + EW)|[% = %; llz: — (Afi + Wey)||2,
where 17F =0, 1TE=0], FTF/n=1I,, ETE/n=1,, and FTE = Opxp.

Pros: Stable optimization via ALS :), Cons: No theoretical guarantees :(

Q: Is MDFA truly “factor analysis”? This has been an open problem for nearly 20 years.
= MDFA = Minimum Discrepancy Function estimator with the Wasserstein distance!

Proposition (Concentrated loss or Profile likelihood). For any ® € 4 (2(®) := ®@7),

1

£a(®) = min £,(®,2) = tr(S,) +tr {S(@)} - 20 { (53 x(<1>>53) ’ } =2y, (sn, z(cp)) ,
where dgw (A, B) is the Bures-Wasserstein distance between p.s.d. matrices A and B.

Consistency and asymptotic normality of the MDFA estimator follow directly from this fact.

No model error Model error
A& B fa: MLE A B fa: MLE
S —=— EM: MLE —=— EM: MLE
- 4 fa: GLS & fa: GLS
—A— BFGS: GLS —A— BFGS: GLS
_ - fa: OLS _ - fa: OLS
2 2 A —*— MDFA ] —e— MDFA
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