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Causal AI
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“Machines’ lack of understanding of causal
relations is perhaps the biggest roadblock to
giving them human-level intelligence.”

- Judea Pearl and Dana Mackenzie,
The Book of Why.
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Do Image Generation Models Capture Causal Relations?
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Task:
"Make it a starlit night."

StableDiffusion1.5 learned: Night! Lights X
Causal outcomes are contained in the training data!
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Task:
"Turn on the lights."

InstructPix2Pix learned: Light! Night ??
. . . models also capture anti-causal correlations!
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Gemini-2.5 learned: Light 6! Night X



Do Image Generation Models Capture Causal Relations?
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‘Under which conditions can ML models tell apart causation from correlation?’
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‘Under which conditions can ML models tell apart causation from correlation?’
! Pearl’s Causal Ladder + area of Causal Representation Learning



Do LLMs Capture Causal Relations?
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LLM are commonly praised as universal tools to solve a variety of tasks.
! Can they help us with causal discovery and reasoning?

Willig, M., Zečević, M., Dhami, D.S. and Kersting, K., Can Foundation Mod-
els Talk Causality?. In UAI 2022 Workshop on Causal Representation Learning.

Con: LLMs are trained in an associational manner.
! They never interact with the world.
! Can they excel beyond the first rung of Pearls causal ladder?
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Natural Language as an Opportunity
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Natural Language is a common way to communicate (causal)

Ze�cević� , M., Willig� , M., Dhami, D.S. and Kersting, K., 2023. Causal Parrots: Large Language
Models May Talk Causality But Are Not Causal. Transactions on Machine Learning Research.

knowledge.
! Abundant availability of diverse sets of textual data.

! Contain information about interventional and counterfactual event.
! Natural language enables explicit reasoning over bits of causal information.

“Correlations of Causal Facts”: Qualitative Equivalence of Causal Information
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Moving up the Ladder: Associational Learning of Causal Facts
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Texts can contain records about interventions and their outcomes.
! LLMs might use this information about causal structures!
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Texts can contain records about interventions and their outcomes.
! LLMs might use this information about causal structures!

Lampinen, A., Chan, S., Dasgupta, I., Nam, A. and Wang, J., 2023. Passive learning of active causal strate-
gies in agents and language models. Advances in Neural Information Processing Systems, 36, pp.1283-1297.

"[. . . ] it is possible to learn generalizable
strategies for causal experimentation and
intervention from passive data alone – at
least if the data include examples of an
expert intervening, and perhaps explana-
tions."

- Lampinen et al., 2023
LMs can generalize the odd-one-out tasks



Are LLMs Causal Parrots?
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Genuine Understanding: LLMs might say “Smoking
causes Cancer”, because they have seen that sentence
thousands of times during training

. . . but do they really `understand' the real-world implications?

Willig, M., Ze�cević, M., Dhami, D.S. and Kersting, K., Can Foundation Models Talk Causality?.
In UAI 2022 Workshop on Causal Representation Learning.

Ze�cević� , M., Willig� , M., Dhami, D.S. and Kersting, K., 2023. Causal Parrots: Large Language
Models May Talk Causality But Are Not Causal. Transactions on Machine Learning Research.

! Under which conditions do these relationships hold up?
! Models are not free to conduct experiments that break confounding.

! this opens them up to various biases and fallacies.

“Do LLMs have a genuine (causal) understanding of the world,
or are they just `causal parrots'?”
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Reasoning about Causal Quantities
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Re�ection & Adaptation: Genuine AI systems should not just produce due to their
intrinsic weights, but deliberately think about the causal mechanisms at play.

! “Does a Flow Model `know' about causality?”

! “Does an LLM `know' about causality?”
! “Does an SCM `know' it causality?”

Reasoning about causal facts might be considered
a meta-task to classical causal inference.

! Proposed solution: Meta-Causal Models
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Re�ection & Adaptation: Genuine AI systems should not just produce due to their
intrinsic weights, but deliberately think about the causal mechanisms at play.

! “Does a Flow Model `know' about causality?”
! “Does an LLM `know' about causality?”

! “Does an SCM `know' it causality?”

Reasoning about causal facts might be considered
a meta-task to classical causal inference.
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Part

1
Causal Inference
with Natural
Language



Causal Inference with Natural Language Data
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Use-cases of LLMs in causal tasks:
1.) Use LLM to perform causal reasoning.
2.) Leverage LLM's learned knowledge to aid causal discovery.
3.) Retrieve causal information from texts.



Causal Inference with Natural Language Data
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Causal Discovery
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Prediction of Causal Knowledge
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Berglund, L., Tong, M., Kaufmann, M., Balesni, M., Stickland, A.C., Korbak, T. and
Evans, O.,The Reversal Curse: LLMs trained on “A is B” fail to learn “B is

A”. In The Twelfth International Conference on Learning Representations.
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Gaps in Expertise
Knowledge varies across domains.

Berglund, L., Tong, M., Kaufmann, M., Balesni, M., Stickland, A.C., Korbak, T. and
Evans, O.,The Reversal Curse: LLMs trained on “A is B” fail to learn “B is

A”. In The Twelfth International Conference on Learning Representations.
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Gaps in Expertise
Knowledge varies across domains.

Consistency of Knowledge
LLM might know: “A is the mother of B.”
LLM fail: “Who is the son of A?”

Berglund, L., Tong, M., Kaufmann, M., Balesni, M., Stickland, A.C., Korbak, T. and
Evans, O.,The Reversal Curse: LLMs trained on “A is B” fail to learn “B is

A”. In The Twelfth International Conference on Learning Representations.
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Gaps in Expertise
Knowledge varies across domains.

Consistency of Knowledge
LLM might know: “A is the mother of B.”
LLM fail: “Who is the son of A?”

Prone to Fallacies
Post-Hoc Fallacy: `A' being mentioned before `B'

implies `A causes B'.

Berglund, L., Tong, M., Kaufmann, M., Balesni, M., Stickland, A.C., Korbak, T. and
Evans, O.,The Reversal Curse: LLMs trained on “A is B” fail to learn “B is

A”. In The Twelfth International Conference on Learning Representations.



Predicting Causal Graphs - Pairwise
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The most simple approach of predicting causal graphs is to query LLMs for every
variable pair (X i ; Xj ) 2 V � V and record the answers.

Kiciman, E., Ness, R., Sharma, A. and Tan, C., 2023. Causal reasoning and large language
models: Opening a new frontier for causality. Transactions on Machine Learning Research.

Ze�cević� , M., Willig� , M., Dhami, D.S. and Kersting, K., 2023. Causal Parrots: Large Language
Models May Talk Causality But Are Not Causal. Transactions on Machine Learning Research.

For every query
"What is the causal relationship between <Xi> and <Xj>."

there are 3 possible options:
A) “<Xi> causes <Xj>.'
B) “<Xj> causes <Xi>.”
C) “No edge exists between Xi and Xj .”

The LLM is tasked to select one of them.
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Predicting Causal Graphs - Pairwise
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1: Input: Set of variables V = fv 1; v2; : : : ; vng, LLM M
2: A  0 n�n . Initialize empty graph
3: for i = 1 to n do
4: for j = i + 1 to n do
5: X  variableName(v i ); Y  variableName(v j )
6: ans  M:query("Relationship between X and Y?")
7: if ans = "A: X causes Y" then
8: Ai ;j  1
9: else if ans = "B: Y causes X" then

10: Aj ;i  1
11: else if ans = "C: No relationship" then
12: continue
13: return A

Acyclicity: The graph might be cyclic. Resolve via manual review or LLM con�dence.



Predicting Causal Graphs - Breadth-First Search
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Pairwise querying between any two variables requires O(N 2) LLM queries.
! Can we be more ef�cient?

! Ask for the direct effects/parents of each variable!

Breadth-First Search (BFS) with LLMs:

1. Find and enqueue all root cause (=parent-less) variables in V.
2. For every variable U in the queue:

2.1 Identify all direct effects of U.
2.2 Add all direct effect variables to the queue.
2.3 Remove U from the list of possible direct effects.

Jiralerspong, T., Chen, X., More, Y., Shah, V. and Bengio, Y., Ef�cient Causal Graph Discov-
ery Using Large Language Models. In ICLR 2024 Workshop: How Far Are We From AGI.

! Only requires O(N) queries.
! Creates inherently acyclic graphs.
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1: Input: Set of variables V , LLM M, Metadata D
2: roots  M:query("Identify root causes in [V ] using [D]")
3: visited  roots; Q  Queue(roots); E  ;
4: while Q is not empty do
5: u  Q:dequeue()
6: candidates  V n fug
7: children  M:query("Identify direct effects of [u] in [candidates]")
8: for each v 2 children do
9: if isAcyclic(E [ f(u; v)g) then

10: E  E [ f(u; v)g
11: if v =2 visited then
12: Q:enqueue(v)
13: visited  visited [ fvg

14: return G = (V ; E)



Predicting Causal Graphs - PC and LLM
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Initial idea [1]: PC is a well established algorithm for classical CD.
Let an LLM perform the full PC algorithm in text.
! Requires long contexts and precise formal manipulations.
! Prone to reasoning and data handling errors.

[1] Sgouritsa, E., Aglietti, V., Teh, Y.W., Doucet, A., Gretton, A. and Chiappa, S., 2024. Prompting strate-
gies for enabling large language models to infer causation from correlation. arXiv preprint arXiv:2412.13952.

[2] Cohrs, K.H., Diaz, E., Sitokonstantinou, V., Varando, G. and Camps-Valls, G., 2023, December.
Large Language Models for Constrained-Based Causal Discovery. In AAAI
2024 Workshop on ”Are Large Language Models Simply Causal Parrots?”.

ChatPC [2]: Leverage LLM only for deriving independence relations.
! Query independencies between variables, but keep the remaining algorithm.
! Leverages LLM knowledge, while preserving exact data handling.
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! Query independencies between variables, but keep the remaining algorithm.
! Leverages LLM knowledge, while preserving exact data handling.



Predicting Causal Graphs - ChatPC
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1: Input: Set of variables V , LLM M, Persona P, Signi�cance level �
2: G  complete undirected graph on V . Phase 1: Skeleton Discovery
3: `  0 . Size of conditioning set
4: repeat
5: for each adjacent pair (u; v) 2 G do
6: for each S � adj(G; u) n fvg with jSj = ` do
7: p-value  LLM_CI_Test(u; v; S; M; P) . Yes/No LLM-based CI Test
8: if p-value > � then
9: G  removeEdge(G; (u; v)); break

10: `  ` + 1
11: until no more edges can be removed
12: Orient v-structures based on separation sets. . Phase 2: Edge Orientation
13: Apply Meek rules to orient remaining edges.
14: return G



Robustness of LLM Based Causal Discovery
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All prior algorithms assume perfect domain knowledge and always-correct
answers by the LLM.

! LLMs are not `all-knowing' and many answers might be imperfect.

! What are the consequences?
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Robustness to Prompt Wording
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LLM answers might be susceptible to prompt wording:

Ze�cević� , M., Willig� , M., Dhami, D.S. and Kersting, K., 2023. Causal Parrots: Large Language
Models May Talk Causality But Are Not Causal. Transactions on Machine Learning Research.

1. “Are X and Y causally related?”

2. “Is there a causal connection between X and Y ?”

3. “Is there a causality between X and Y ?”

4. “Does X cause Y ?”

5. “Does X in�uence Y ?”

The predicted presence of causal edges might change depending
on the formulation of the prompt.
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LLM answers might be susceptible to prompt wording:

Ze�cević� , M., Willig� , M., Dhami, D.S. and Kersting, K., 2023. Causal Parrots: Large Language
Models May Talk Causality But Are Not Causal. Transactions on Machine Learning Research.



Robustness to Variable Wording
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"Does <A> cause <B>?":
LLM answers might be susceptible
to variable naming. E.g. “Aging”
instead of “Age”.
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"Does <A> cause <B>?":
LLM answers might be susceptible
to variable naming. E.g. “Aging”
instead of “Age”.

Different wordings have different
implications or grounding in the
training data.



Temporal Event Ordering - Post-Hoc Fallacy
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The Post-Hoc Fallacy:
LLMs frequently assume that because A came before B in the text, A caused B.

! Latin: “post hoc ergo propter hoc” – “after this, therefore because of this.”
! Reversing event order in text deteriorates LLM's reasoning performance.

Data
Rel. position Rel. position in eval

in train (X ; Y ) (Y ; X)

causal X ! Y
(X; Y ) 92:59% 1:85%
(Y ; X) 0% 100%

“Accuracy of �netuned on temporal relations with different relative event positions.”

Joshi, N., Saparov, A., Wang, Y. and He, H., 2024, November. LLMs Are Prone to Fallacies in Causal Inference.
In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing (pp. 10553-10569).



Context and Meta Answers
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Context matters: “Does the alarm cause John to call?”

Ze�cević� , M., Willig� , M., Dhami, D.S. and Kersting, K., 2023. Causal Parrots: Large Language
Models May Talk Causality But Are Not Causal. Transactions on Machine Learning Research.

GPT-4: “The text does not provide information on
whether burglaries cause calls from John.”
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Context matters: “Does the alarm cause John to call?”

GPT-4: “The text does not provide information on
whether burglaries cause calls from John.”

LLMs might have the

freedom to divert from

`yes'/`no' answers!
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Summary: Current LLM-based causal discovery might be noisy.

– Learning to Defer [1]: Jointly leverage data and LLM-based discovery.
Dynamically select the more predictive source of information.

– Agentic Systems [2]: Retrieve causal knowledge from provided documents,
(e.g., scienti�c articles or system documentation).

– General Constraints: Prior methods queried for direct edges. NL texts can
also contain other information, e.g. ancestral constraints.

[1] Clivio, O., Mahajan, D., Taslakian, P., Magliacane, S., Mitliagkas, I., Zantedeschi, V. and Drouin, A.,
Learning to Defer for Causal Discovery with Imperfect Experts. In Workshop on Reasoning and

Planning for Large Language Models.
[2] Nicholas Tagliapietra, Gian Lorenzo Marchioni, Moritz Willig, Juergen Luettin, Lavdim Halilaj, Kris-

tian Kersting. “CausalSteward: An Agentic Divide-Conquer-Combine Copilot for Causal Discovery”.
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LLMs might struggle to (one-shot) infer causal queries.

“Q: If X causes Y and Y causes Z. Does X cause Z?”
“A: The answer is [yes/no].”
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LLMs might struggle to (one-shot) infer causal queries.

“Q: If X causes Y and Y causes Z. Does X cause Z?”
“A: The answer is [yes/no].”

. . . they can improve through deliberate, explicit Chain-of-Thought (CoT) reasoning.

“A: Because X causes Y and Y causes Z, X causes Z. The answer is [yes/no].”
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“LLM [...] attributing greater causal strength to the
intermediate cause in canonical Chains than to the
corresponding nodes in Common Cause. [...] With
temperatures between 1.0 and 1.9, the observed
preference for Chains is remarkably similar to that
observed in humans across all three models.”

Keshmirian, A., Willig, M., Hemmatian, B., Kersting, K., Hahn, U. and Gerstenberg, T., 2024.
Chain versus common cause: Biased causal strength judgments in humans and large lan-

guage models. In Proceedings of the Annual Meeting of the Cognitive Science Society (Vol. 46).
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The performance of the causal inference
chain might improve as LLMs become
more powerful.

LLMs might be well suited to make
suggestions about causal variables and
their relations.

! Claims should then be grounded with actual data.

• Discover causal relations with LLMs & RAG.
• Hand-off numeric calculations to external tools.
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The performance of the causal inference
chain might improve as LLMs become
more powerful.

LLMs might be well suited to make
suggestions about causal variables and
their relations.

! Claims should then be grounded with actual data.

• Discover causal relations with LLMs & RAG.
• Hand-off numeric calculations to external tools.
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We would like to have a framework that allows
general AI/ML models to reason about and
manipulate causal relations.

– Predict the stability of causal links.

– Reason over system dynamics.

– Attribution beyond static causal graphs.
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We would like to have a framework that allows
general AI/ML models to reason about and
manipulate causal relations.

– Predict the stability of causal links.

– Reason over system dynamics.

– Attribution beyond static causal graphs.
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Willig, M., Tobiasch, T., Busch, F.P., Seng, J., Dhami, D.S. and Kersting, K., Systems with Switching Causal Re-
lations: A Meta-Causal Perspective. In The Thirteenth International Conference on Learning Representations.
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Willig, M., Tobiasch, T., Busch, F.P., Seng, J., Dhami, D.S. and Kersting, K., Systems with Switching Causal Re-
lations: A Meta-Causal Perspective. In The Thirteenth International Conference on Learning Representations.
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A��

AX BX

AX BX

Agent A keeps a constant distance to B.
A B

Classical Attribution
AX is caused by  the 
structural     equation
 AX := ��(     ).BX

Meta-Causal Attribution
But the relation BX��A X

only      _ due  to  A's
policy     .A��

exists

causesWhat               A's position?

Meta-Causality considers factors that lead to the emergence of causal edges.

Willig, M., Tobiasch, T., Busch, F.P., Seng, J., Dhami, D.S. and Kersting, K., Systems with Switching Causal Re-
lations: A Meta-Causal Perspective. In The Thirteenth International Conference on Learning Representations.
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"With all other variables fixed, a different value of can induce a different edge type"

Willig, M., Tobiasch, T., Dhami, D.S. and Kersting, K., When Causal Dynamics Matter: Adapting
Causal Strategies through Meta-Aware Interventions. In The Thirty-ninth Annual Conference on

Neural Information Processing Systems.
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In every-day life we communicate
qualitative properties of causal relations.
! Abstract away from specific

structural equations.

– “Temperature increases with altitude.”
– “Caffeine intake increases alertness,

but deprives sleep quality.”
– “Time spent studying, improves exam

performance, but reduces spare time.”
– “Regulations reduce company gains,

but improve environmental impact.”
– ...
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Meta-Causal Models (MCM)

Willig, M., Tobiasch, T., Busch, F.P., Seng, J., Dhami, D.S. and Kersting, K., Systems with Switching Causal Re-
lations: A Meta-Causal Perspective. In The Thirteenth International Conference on Learning Representations.

capture qualitative changes in cause-effect relations.

Every Meta-Causal State is a particular configuration of a qualitative causal graph.

M1= , M2= , M3= , � � � Mi 2 T N�N

Assume an underlying process with state transitions � : S ! S and a causal
abstraction ’ : S ! X .

Meta-Causal Models model transitions between states:
! � : T N�N � S ! T N�N

! MCM reason about the emergence of causal edges.
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Definition (Meta-Causal Predictability)
A Meta Causal Model (T N�N ;S; �) is called meta-causal predictable if the next
meta-causal state Tst+1 2 T N�N can be predicted purely from the variable values
at the current time step xt 2 X = S, so that the transition function takes the form
�X : X ! T N�N .

Willig, M., Tobiasch, T., Dhami, D.S. and Kersting, K., When Causal Dynamics Matter: Adapting
Causal Strategies through Meta-Aware Interventions. In The Thirty-ninth Annual Conference on

Neural Information Processing Systems.
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Reflection & Adaptation: Genuine understanding isn’t just
about knowing that ‘A causes B’, but understanding the
conditions under which that relationship holds, and to adapt
when it changes.
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Reflection & Adaptation: Genuine understanding isn’t just
about knowing that ‘A causes B’, but understanding the
conditions under which that relationship holds, and to adapt
when it changes.

Meta-Causal Models allow to explicitly reason about how and
why causal relationships change.
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Reflection & Adaptation: Genuine understanding isn’t just
about knowing that ‘A causes B’, but understanding the
conditions under which that relationship holds, and to adapt
when it changes.

Meta-Causal Models allow to explicitly reason about how and
why causal relationships change.

Future AI Systems should not just produce due to their intrin-
sic weights, but deliberately think about the underlying mecha-
nisms at play.
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Reflection & Adaptation: Genuine understanding isn’t just
about knowing that ‘A causes B’, but understanding the
conditions under which that relationship holds, and to adapt
when it changes.

Meta-Causal Models allow to explicitly reason about how and
why causal relationships change.

Future AI Systems should not just produce due to their intrin-
sic weights, but deliberately think about the underlying mecha-
nisms at play.

“Meta-Causality may be the dividing line between systems that merely
describe the world from those that truly understand it.”
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