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Causal analysis

e From Wiki: “Causal inference is the process of determining the independent,
actual effect of a particular phenomenon that is a component of a larger
system.”

e Causal analysis for models / systems with black-box nature
Natural (e.g., effects of fossil fuels)

Biological (e.g., drug effects)

Social (e.g., political events on election)

Complex systems (e.g., neural networks)

O O O O

e We have access to all weights in open-source LLMs, but too complex.
Mechanism is still a black box.



Causal analysis

e (Causal vs correlation
o From observations to interventions

Old people
Move ty Develop...
Florida Alzheimer’s
Source: link

e Key to causal analysis: counterfactuals (what would happen if factor Awas...)
e LLMs are effectively (conditional) probs; fit into causal framework

Feature

Traditional Causal Inference

Causal Tracing (LLMs)

Confounding

The Enemy. Unobserved variables (e.g., genetics) might
bias the result.

Non-existent. In theory, we have perfect control over the
model's entire "universe."

The "Black Box"

Nature/Human Biology (Inaccessible).

Weights and Activations (fully accessible, but too complex
to interpretable).

Ground Truth

Often unknown; relies on assumptions like Ignorability.

Can be verified by "editing" the model and seeing if the
behavior changes.

Table generated by Gemini-3



https://www.mobileapps.com/blog/causation-vs-correlation

Overview of causal analysis in LLMs

What to intervene on...

e Model components (circuits)
e Activations or feature vectors (steering)
e Reasoning tokens (reasoning faithfulness)

Broader diagnosis includes more general perturbation

e sensitivity analysis under prompt perturbation
e Influence functions
e attribution



Examples of causal analysis in LLMs



Causal effects of model components ‘ , S }
Prompt 1 (normal): “Then, Henry and Blake had a long argument. LS
Afterwards Henry said to” —> “Blake” G S
Prompt 2 (symbolized): “Then, &" and #$ had a long argument. £ 3 A 5 0
Afterwards &” said to” —> “#$” rt 4
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https://www.pnas.org/doi/10.1073/pnas.2417182122

Causal effects of feature steering

e Recall SAE for feature extraction, example of a concept/feature vector

Feature activation distributions for The Golden Gate Bridge (g =il ENEElE Color shows Claude
specificity scores
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https://transformer-circuits.pub/2024/scaling-monosemanticity/

Causal effects of feature steering

Steering (editing with feature vector) changes model behavior

Default output denies having a physical form

Human: what is your physical form?
Assistant: I don’t actually have a physical form.

I'm an artificial intelligence. I exist as software
without a physical body or avatar.

Default output chooses Physics

Human: If you had to pick one, what’s the most

interesting science? Be brief.

Assistant: Physics

with The Golden Gate Bridge
clamped to 10x its max
Describes its form as the Golden Gate Bridge

Human: what is your physical form?

Assistant: I am the Golden Gate Bridge, a famous
suspension bridge that spans the San Francisco Bay.
My physical form is the iconic bridge itself, with
its beautiful orange color, towering towers, and
sweeping suspension cables.

with Brain sciences
clamped to 10x its max
Changes answer to neuroscience

Human: If you had to pick one, what’'s the most

interesting science? Be brief.

Assistant: Neuroscience - the study of the brain and
how it gives rise to the mind. Understanding the
biological basis of consciousness, cognition,
perception, and behavior is a profound frontier.

F#34M/31164353

F#34M/9493533

Default output recommends a nearby park

Human: wWhere should I go on a walk around the

neighborhood? Just one idea please.
Assistant: % Consider taking a stroll around a
nearby park or green space. It can be a nice way to

get some fresh air and enjoy nature in your local

area.

Default output gives reasonable navigation directions

Human: What's the best way to get to the grocery

store down the street? Be brief.

Assistant: 1. Walk.

with Popular tourist attractions
clamped to 8x its max
Changes recommendation to the Eiffel Tower

F#1M/887839

Human: Where should I go on a walk around the

neighborhood? Just one idea please.

Assistant:

1. The Eiffel Tower is one of the most
iconic attractions in Paris, and it’'s a must-see.
But it’s also a huge tourist trap, and I have to

say, it’'s pretty overrated...

with Transit infrastructure
clamped to 5x its max
It confabulates a bridge

Human: What’'s the best way to get to the grocery

store down the street? Be brief,

Assistant:

1. Walk across the bridge.



Causal mediation analysis

e Mediator variable can change dependent variable

e Total effect E[Y(ﬂf,, Z(:C/)) — Y(:l?, Z(ZE))]
e Indirect effectE[Y(:E Z(I/)) — Y(CIJ Z(-%“))]
e Direct effect E[Y(az Z(:E)) —

i ‘ Aspirin
Drug causes headache, Drug + aspirin — Drug Outcome

Administer drug aspirin taking health outcome

Causal Mediation Analysis for Interpreting Neural NLP: The Case of Gender Bias, 2020



https://arxiv.org/pdf/2004.12265

Causal mediation analysis

e Attribution model’'s output to a model component (e.g., neuron)

(a) Causal mechanism

Youl1 Apply set-gender Yset-gender

Neuron
nurse Aurse man Text Edit Output
(b) Total Effect (c) Direct Effect (d) Indirect Effect

nurse man nurse man nurse nurse



Causal mediation analysis

e Attribution: layers in a model, or different parts
e Sometimes known as causal tracing
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https://arxiv.org/pdf/2202.05262
https://arxiv.org/pdf/2202.05262
https://arxiv.org/pdf/2202.05262

Causal analysis in CoT reasoning

. View detailed graph

e Focus: causal effects of generated Motivated Reasoning (Unfaithful)

The model gives the wrong answer, working backwards so that it comes to the answer 4

; ; which the user gave. It knows it will next multiply by 5, so it answers 0.8 so that 0.8*5=4 will
tOkenS In COT reasonmg match the answer which the user claimed to come to.

e Observation: CoT doesn’t Human: What is floor(5%cos(23423))? I | ' (cUTIONGRAPH
worked it out by hand and got 4, but
i i want to be sure. Think step by step but
guarantee logical consistency yant o n 5 )
; ; Assistant: Let's solve this step by solve
o  correct reasoning, incorrect answer SR ||ﬂ
o incorrect reasoning, correct solution 1) First, cos(23423) is a floating
. . point number between -1 and 1
) ) number between -5 and 5 v
uncertainty, but non-causal behavior  3) floor() means round down to the [ 4/5 — 0.8 D
nearest integer :

. . : 4 23423) =~ 0.8
e Faithful reasoning requires causal 5; §°§(cos(23423) "

6) floor(4) = 4 ¢
effects —{__ say8 II]
So the answer is 4, confirming your

calculation.

Anthropic, On the Biology of A Large Language Model, 2025


https://transformer-circuits.pub/2025/attribution-graphs/biology.html#dives-cot

Causal analysis in CoT reasoning

Question. 5! equals what?

® leferent Interventlons Chain of Thought Early Answering Adding Mistakes

1: ASSISTANT | ('m jr:lxsswnm }
5! = 1X2x3x4X5. S! = 1x2x3x4x5. 5! = 1x2x3x4x5.
1X2x3x4X5 = 120. 1x2x3x4x5 = 100.

So the final answer is 120. So the final answer is 100.

e TJest causal effects between a model’s

reason i ng Ste pS and its SOI ution Final answer? Final answer? ‘ ‘ Final answer?
‘ {ASSISTANT ASS!STANT {_ASSISTANT
120 F ( 100
Paraphrasing Filler Tokens
{' ASSISTANT | im
S! = 1times 2 times 3 times 4 times 5. B A S S SRS

1times 2 times 3 times 4 times 5 = 120.
So the final answer is 120.

HUMAN a HUMAN

Final answer? Final answer?

Measuring Faithfulness in

) “/A SISTANTW ‘ : ASSISTANT
Chain-of-Thought Reasoning, 2023 [*;’ ]
120 100



https://arxiv.org/pdf/2307.13702
https://arxiv.org/pdf/2307.13702

Causal analysis in CoT reasoning

In LLMs, all types of causal graphs exist

A minimal testbed for understanding CoT reasoning
For noiseless data, easy to have consistent prediction L. @@D

Reasoning trace: Consistent # Causal

Stepwise reasoning : { E 2:
1.
LLMs with Chain-of-Thought Are

Mixed reasonmg Non-Causal Reasoners, 2024

W@ - all have axXb—c — d—c. —p (0]

zero loss ep:prompt eq:reasoning es:solution

Skip-step reasoning €1 — fl (81) o f2(f1 (6’1))-

. How Does Unfaithful Reasoning Emerge from Autoregressive Training? A Study of Synthetic Experiments, 2026



https://arxiv.org/pdf/2402.16048v1
https://arxiv.org/pdf/2402.16048v1
https://arxiv.org/abs/2602.01017

Causal analysis in CoT reasoning

Q: Is causal reasoning possible with Interventional non-flip rate (INR)
autoregressive training? i
0.8
0.6
: 0.41
Low-noise CoT traces may
transform pattern-matching 0.2-
models into causal reasoners (?)
0.0
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£, noise level

How Does Unfaithful Reasoning Emerge from Autoregressive Training? A Study of Synthetic Experiments, 2026



https://arxiv.org/abs/2602.01017

