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Overview
FIRST BLOCK (1h45) 

Introduction (15 min.)

Ante-hoc vs post-hoc explanations in agent settings 
(30 min.)

Hands-on: post-hoc explanation methods (30 min.)

Limitations of post-hoc explanations: moving 
towards causality (30 min.)

SECOND BLOCK (1h45)

Explanation methods with causal structure (15 
min.)

What different explanation methods actually explain 
(45 min.)

Hands-on: contrastive and counterfactual 
explanations (30 min.)

Discussion and conclusion (15 min.)
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Introduction
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Agent
An agent is anything that can be seen as sensing its environment through sensors 
and acting upon it via actuators (AIMA, Russell&Norvig)

Explainability in our context will take the presumption that what we are explaining 
is in the context of ‘an agent’ of the previous sort.
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What is Explainability?

● Causality
● Decisions
● Autonomy
● Inquiry

● Communication
● Human-Computer 

Interaction
● Justification



What is Explainability?

● Causality
● Decisions
● Autonomy
● Inquiry

● Communication
● Human-Computer 

Interaction
● Justification

Scientific Inquiry Social Enquiry

The 
Interstice



Two Families

Aristotelian

● Function
● Intention
● Teleologic

Galilean

● Cause
● Strict origin
● Mechanistic

Copernican revolution



Explainable Artificial Intelligence (XAI)
● XAI: field of AI concerned with producing explanations about artificial 

intelligence systems

● Explanation: communication in which there is an assignment of causal 
responsibility / the product of such communication (Explanation Social 
Sciences, Tim Miller)

● Explainability: score to give a system regarding how thorough the explanations 
it provides are.

● In agents, it is often called XAg (Explainable Agency)
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What do we want XAI for?

● Most prevalent
● For humans & Law
● Accountability

● For machines & 
humans

● Bias control
● Model learns from it

● For machines & humans
● Others learn from model

Adadi et al.

https://ieeexplore.ieee.org/abstract/document/8466590


What do we want XAI for?

● Most prevalent
● For humans & Law
● Accountability

● For machines & 
humans

● Bias control
● Model learns from itPredict!

● For machines & humans
● Others learn from model

Adadi et al.

https://ieeexplore.ieee.org/abstract/document/8466590


What is XAI useful for?

Predictability as the key use of XAI

Downstream tasks are varied:

● Censor/Sanction a system (Justify)
● Improve/Debug unwanted behaviour 

(Control)
● Extract information about the task (Discover)

Humans don’t use explanations only in court!
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Types of XAI
Stripes and colours of XAI

● Ante-hoc vs Post-hoc
● High-level surveys & 

taxonomies
● Feature Attribution
● Adoption of the technology
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.
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XAI Taxonomy

Puiutta E. et al.

https://link.springer.com/chapter/10.1007/978-3-030-57321-8_5


XAI Taxonomy
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Ante-hoc Post-hoc

Performance

Transparency



How should it be?

Interpretability 

User studies

Feature Relevance

Winnikof et al., 2018

Montavon et al., 2019.

https://link.springer.com/chapter/10.1007/978-3-319-99229-7_47
https://link.springer.com/chapter/10.1007/978-3-030-28954-6_10


State of the Art in XAI (non-Agents)

● SHAP
● Coefficients (for linear models)
● “Counterfactuals” (closest similar of another class)
● …

Selvaraju et al.
Montavon et al.

https://arxiv.org/abs/1611.07450
https://link.springer.com/chapter/10.1007/978-3-030-28954-6_10


LIME (Local Interpretable Model-agnostic Explanations)
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Feature importance

X1

…

Xn



SHAP (SHapley Additive exPlanations)

18

Shapley value: a player’s contribution to the game payout, weighted and summed over all possible 
coalitions that the player could join

Contribution from adding i

Weighting

Coalitions excluding i

Shapley value 
of player i

Game

Feature set

…

…
KernelSHAP, 
(TreeSHAP, 
DeepSHAP…)

Approximations



Is traditional XAI enough for Agents?

19



Taxonomy of XRL methods (Milani)
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Explain individual actions Explain long-term behaviour

Explain influential 
experiences from 
training



Taxonomy of XRL (Dazeley) 
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Agent XAI: How “Theory” looks like today

‘XAI-by-Design’ “General” Methods

Winnikof et al.
Puiutta & Veith
Dazeley et al.
Milani et al.

https://link.springer.com/chapter/10.1007/978-3-319-99229-7_47
https://link.springer.com/chapter/10.1007/978-3-030-57321-8_5
https://www.sciencedirect.com/science/article/pii/S000437022100076X
https://dl.acm.org/doi/abs/10.1145/3616864


Agent XAI: How Practice looks like today

At most:
● I do ‘up’ when I am between 

x=[1,3] and y=[-2,3] and there 
is no screw at x,y=(1,4)

?



Hands-On
Post-hoc XAI

● Toy RL Example
● LIME/SHAP Methods
● Surprise at the end
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Block 4:
Limitations of the 

example
Impossibility theorems for 

Feature attribution

● Why do we do Feature 
Relevance

● Reliability of XAI
● A cynical view on XAI milieus
● How to improve

○ View 1: Consider Aristotle
○ View 2: Consider Causality
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Why is post-hoc feature relevance so adopted?
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For Mechanistic explanations (in vogue)

Acceptable by legislators: Industry can 
say they do XAI if they’re using this

Well developed in XAI for ML, applies to XAg 

Low cost. Many libraries. Easy to 
implement for a use-case.*

*Meeting expectations? Whose?



Diatribe on Reliability

“Focus!” ~ A Arias-Duart et al.

“Our main result is that for mildly rich 
model classes, it is impossible to 
conclude that the user does better 
than random guessing at inferring 
counterfactual model behaviour using 
common feature attribution methods 
without strong additional 
assumptions on the learning 
algorithm or data distribution.” ~ 
Bilodeau et al.

https://ieeexplore.ieee.org/abstract/document/9882821
https://www.pnas.org/doi/10.1073/pnas.2304406120


Milieus of XAI: Why is it like it is today?
(a cynical view)

Model-Agnostic

Easily Implemented

Function: Justify (the project 
before capitalistic 

stakeholders in a law context)

Hard to implement 
(justifies writing a paper)

Function: Research more XAI 
techniquesFunction: Make XAI Laws

Model dependent (not 
always but helps)

Should be ‘good’, and 
fulfill many advanced 

definitions on 
explanation

Anything that fulfills left 
guys’ demands.

Who cares about 
correlation/causation?

System-agnostic

What is ‘implementing’?
Focus on what ‘matters’

Should be doable by the 
guys on the right, or 

businesses will complain

European commission Academy, scientists & techies Industry

Conclusion: SHAP/LIME works

Adapts
Selects

Conclusion: Look at this good, but 
complex method in no github!

Conclusion: Want general definitions, can’t 
be too harsh on right



How should it ACTUALLY be?

* Hopefully, not just to a few, but to society



What is the best Form?

Short

True

Understandable

Context

● Causal > Probabilities
● Contrastive/Counterfactual
● Selected
● Social

“Explanation in artificial 
intelligence” ~ T. Miller

Grice’s Maxims

https://www.sciencedirect.com/science/article/pii/S0004370218305988
https://www.sciencedirect.com/science/article/pii/S0004370218305988
https://www.sas.upenn.edu/~haroldfs/dravling/grice.html


What does Understanding mean?
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● Understanding (for humans) means having a mental model, to 
model/predict and reproduce events 

~Craik, Johnson-Laird, Byrne
● Transfering a model to a human brain is not possible. What goes 

on?
○ Defining boundaries of behaviour: what is vs what is not
○ Contrastive / Counterfactual knowledge

● Wittgenstein: “Meaning is Use”
● Bilodeau: “... bespoke methods accounting

for the downstream tasks fare better”



View 1: Consider Aristotle (Need for Intentions/Goals/Valuings etc.)

Why did you fill the pot with water?
● I filled the pot with water because it 

was empty, and because the hob 
was free, and because there is no 
fire alarm going on

● I filled the pot with water because I
○ need boiling water
○ intend to boil pasta
○ am cooking pasta carbonara

Are we OK to say a DL model has intentions?
Artificial things are created with a purpose.
‘Why that policy?’



View 2: Consider Causality

1. Correlation does not imply 
Causation

2. Then what is causation?
3. What can causation be used for?

Relevance of Agency:
● Autonomous intervention
● Freedom of exploration
● Quality of knowledge J. Pearl’s Ladder of 

causation

https://books.google.com/books?hl=en&lr=&id=f4nuexsNVZIC&oi=fnd&pg=PR15&dq=causality+pearl&ots=y4GOWlABmi&sig=Z6Dv1ChicdOfz9EnnQTLMFgFUgk
https://books.google.com/books?hl=en&lr=&id=f4nuexsNVZIC&oi=fnd&pg=PR15&dq=causality+pearl&ots=y4GOWlABmi&sig=Z6Dv1ChicdOfz9EnnQTLMFgFUgk


View 2: Relevance of Agency for XAI
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● XAI verification, causality, etc. can 
only be checked if interventions 
happen.*

● XAI as a task for intelligent beings.
● XAg as a requirement for clearing 

bigger field of XAI.

*E.g. deletion/insertion methods.



Coffee Break
35



Explanation with 
causal structure ● Madumal

● CEMA
● IPGs
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The need for structure

● Recap: good explanations should be
○ Short, true, causal, contrastive, user-centered, social, useful?

● These properties often require:
○ Causal structure: what could change under intervention?
○ Sequential structure: what future opportunity does an action enable?
○ Telic structure: what goal/desire does the action serve?

● References:
○ Miller, 2019
○ Madumal, 2020
○ Judea Pearl
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XRL Through Causal Lens (Madumal)

● Model-free RL + causal explanation
○ State variables + action-labelled causal 

edges
● Action Influence Model: 

○ Why action A?
○ Why not action B?

● Opportunity chains and distal 
explanations

○ A enables B
○ B causes C
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CEMA: Causal Explanations for Multi-Agent Systems

● Sequential multi-agent systems
○ Roll back before the queried action
○ Simulate counterfactual futures
○ Rank causes by counterfactual effect size

● Explanation modes:
○ Mechanistic: factors caused by other agents or by the environment
○ Teleological: own goals or reward effects

39



CEMA: Example
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Intention-aware Policy Graphs 
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States (Discrete)
Actions

 

Hypothesised Desire d:

Intention value            :  probability  to achieve d from s



Hands-On
Contrastive/Causal XAI

● XRL through a causal lens
● CEMA
● IPGs

42



What XAg 
actually explain ● Explaining one Agent

● The goal behind a unification
● Why that policy? A Ladder of 

intentions
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Explaining an Agent (Q-learning)

Q-learning
● Agent acts according to the ‘best known 

action value in a state’:
argmaxa Q(s,a)

● Q is learnt from experiencing states (S), 
actions (A), and rewards from the 
environment (R)

● BUT! You can’t learn Q if you are only 
exploiting what you know! You have to 
sometimes explore alternatives, be curious, 
or you’ll converge to local minima

● Multiple Modes (M): Exploring/Exploiting. 
When exploring, pick A randomly!



The gutpunch

Now you know Q-learning. You can ‘ask’ XAI about this model’s 
particular decision, study how Q is created, or why this action 
was taken then.
You can measure XAI across 20 metrics, and run 50 user 
studies in 30 use-cases.
What about the 300 other, equally valid architectures?
And… what about people that don’t work on AI?



Why is a Unifying Model it important?

● How to do good XAI?
● How do we evaluate manner?

○ Cohorts with explainees
● How do we evaluate truthfulness for 

a particular case?
● Do the user studies extrapolate?
● Must we repeat every user study 

with every architecture, kind of 
possible explainee, situation and 
context?

Ricci et al.

https://emas.in.tu-clausthal.de/2024/assets/papers/EMAS_2024_paper_6.pdf


Unifying XAI proposal

● Language decouples applications 
and their usage from substrate

● Transductors to language are not 
necessarily perfect, but must 
acknowledge their sources of 
errors and assumptions

● User studies become independent 
from architecture, permitting 
extrapolation

● Explainability becomes a 
non-functional requirement 
enforceable by contract in 
advance



A Ladder of Intentions



Key Idea: Why that policy?

● Why π? Reasons(π)
● Then… why Reason(π)? 

Reasons(Reason(π))
● And so on…

The agent can be ‘summarised’ into π. Splitting 
it to see its causes makes it more 
understandable.

How to split?



Causality of action, Humans & AI

Why does Entity exist with 
some properties?

How does it arrive at a 
manner on how to do 
things?

Psychology

Ethology

Th
eo

ry
 o

f M
in

d

How does it finally act 
based on its manner?



Ladder of Intentions

● Holistic, universal taxonomy of 
Behaviour

● Intention-centric
● Praxia vs Gnosia; declarative vs 

imperative
● Applies to BDI, RL, LLM-agents, 

custom code…
● Exhaustively finds ALL XAI, split in 

bits and rungs

Decouples how to make Interpretable 
XAI from truthful & feasible XAI



The Levels, Reification, Robustness

● Splitting into levels, separating 
statements (S) from code (I) using them

● How are ‘rungs’ separated?

Statement Reification:
s2=Consequence of [i0] in [s1] is [s1]

Elaborations of lower levels

● Desirable s1 ; Value of a in s1…
● Confidence in transition s1 to s1’, 

preferences between desires…
Action

Policy

Utility

Percepts

Consequences



Folk-Psychology grounding + Example

● Why go right? Because [there is a wall on 
top] and [it’s the best action]

● Why is it the best? Because [] [I am 
exploring random actions]

● Why are you exploring random actions? 
Because [I have an estimator of when it’s 
better to exploit my knowledge vs explore] 
[and I use it to decide to explore now]

● Why do you use a value to decide to 
explore or exploit? Because [that’s the 
intent of my creator]

D
es

ire

Belief



Ladder Learning

● Learning a statement si 
implies learning 
something about si-1,ii-2.

● They can be given a 
priori

● They can be learnt by 
experiencing the lower 
level

● An agent could be 
designed to climb the 
ladder



The 3 kinds of questions

Intentional

I to I

Goal oriented. Climbs up.

Concise, but not comprehensive.

May need clarification 
(Weakly-epistemic)

High predictability.

Why up?
Because I am going
to the pot.

Weakly Epistemic

Ii to Si+1 (in the context of Ii+1)

Why believe in a knowhow?

Declarative-relevance, supports a 
way of acting, bounded rationality.

How S came to be remains unclear 
(Strongly Epistemic)

Cognitively harder on explainee.

Why go up when
going to the pot?
In this state, the pot
is above me.

Strongly Epistemic

S to S, I (of a lower level)

Why believe in a statement?

Learning explanations.

Understanding how E works is non-trivial

Aggregates tons of data, currently 
unfeasible in many domains.

Why did you think that going up results in 
you being closer to the pot?
I have experienced that going up 
decreases my distance to the pot, 
increasing reward. 



Level 2 formalisation: general S2

General idea: establish action 
preference/deliberation mechanism over action 
preference. Bottom can reduce to top.

From easiest (least informative) to hardest (most 
expressive):

● Easiest: action preference per state
○ Why a in s? Because it’s the best. Why? Strongly 

epistemic question…
● Medium: probability about characteristics of 

future states
○ Why a in s? It results in a future state where x 

happens (tied to I2, x is part of its intention)
● Hardest: causal model of state transitions

○ Why a in s? It likely changes the state such that… 
and then I will do a’... and I get x.



What this means

Process for Agent Expert

Process for ‘Usage’

Agent BDI implements X(90%), 
Y(20%) and Z(40%); and has a 

good performance for this task

Agent Voyager implements…

…

XAI of type K are good for factory floor 
robotics, followed by type P; according 
to user studies. I need to pick a 
substrate which uses formalisms X+Y 
(to use K) or Z (to use P) 

I think I can do a new implementation 
of BDI2 such that performance is better 
and it implements Y with 60% reliability.

Process for Explainer Expert

I can invent a new type T of answering 
an XAI question; using formalism Z+Y. I 
will run a user study for AV to check if 
the type T is good for that scenario.



Discussion
& Conclusion

● Are you using XAg (or planning 
to) for anything beyond 
justifying?

● Is there any other XAg method 
that you liked?

● Can we explain the behaviour 
of LLM-agents?
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