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13 years since AlexNet, 8 since Attention and 3 since 
ChatGPT… Deep models are here to stay

AlexNet



Adoption has not only increased in volume but in 
sophistication.



Yes! Interpreting these models is necessary for trusting 
their predictions in high-stakes scenarios. 

https://www.itmastersmag.com/transformacion-digital/que-el-gdpr-no-sea-una-amenaza/

https://www.itmastersmag.com/transformacion-digital/que-el-gdpr-no-sea-una-amenaza/




Yes! Interpreting these models is necessary for trusting 
their predictions in high-stakes scenarios 

It can exploit shortcuts …

… be biased & unfair…

… and hallucinate



Games (2016) Sciences (2018)

Current models outperform human experts.
What do these models know that we don’t?



Transparency - AI Interpretability
Desideratum: Understanding the inner-workings of the decision-making process

Inputs

Predictions
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Discovery



Transparency - AI Interpretability
In practice: Relating inputs to outputs

Attribution

Inputs

Predictions
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Transparency - AI Interpretability
In practice: Relating inputs with outputs

Post-Hoc Attribution (XAI) ● Gradient and inversion-based methods
● Occlusion methods (e.g. RISE)
● Surrogate methods (e.g. LIME)



Transparency - AI Interpretability
Issue: Produced explanations are not always faithful

Post-Hoc Attribution (XAI) ● Gradient and inversion-based methods
● Occlusion methods (e.g. RISE)
● Surrogate methods (e.g. LIME)



Transparency - AI Interpretability
Design models that are interpretable in first place

Post-Hoc Attribution (XAI)

● XAI provides a false sense of security
● Not every problem requires a complex model



Transparency - AI Interpretability
Integrate explanation capabilities at design time

Post-Hoc Attribution (XAI)

● Decision Trees
● ProtoPNets
● Concept Bottleneck Models

Intrinsic



Transparency - AI Interpretability
Going from feature occurrence to understanding internal processes

Intrinsic (Mechanistic)Intrinsic



Transparency - AI Interpretability
From internal processes to understanding the whole

Intrinsic (Compositional)Intrinsic

Understand 
the whole
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Post-hoc semantic mapping of neuron activations
What does a neuron do?

Inherently interpretable methods
Can we make neurons understandable?

Evaluation protocols
When do we understand neurons?

This chapter…



Post-hoc semantic mapping of neuron activations.
What does a neuron do?

Post-hoc approaches



(Zeiler & Fergus. 2014)

Feature visualization

Idea: Dense visual inspection of projected features across the model.

How?

- Feed-forward until a 
neuron of interest.

- Project the activations 
back to the input space. 

- Collect visualizations of 
top activations.
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(Zeiler & Fergus. 2014)

Feature visualization

Idea: Dense visual inspection of projected features across the model.



(Escorcia et al. 2015)
Assumption: there is a set of units responsible of encoding certain information

Linking neuron activations with visual attributes.

Idea: Identify relationships between activations and attributes.



Linking neuron activations with visual attributes.

Idea: Identify relationships between activations and attributes.

How:

(Escorcia et al. 2015)



Linking neuron activations wrt. the original task.

Idea: Identify relationships between activations and the classes of interest.
Advantage: No need for additional data.

(Oramas et al. 2017)
Assumption: there is a set of units responsible of encoding certain information



Linking neuron activations wrt. the original task.

Idea: Identify relationships between activations and the classes of interest.
Advantage: No need for additional data.

(Oramas et al. 2017)
Assumption: there is a set of units responsible of encoding certain information



(Alain & Bengio, 2017)

Analyzing the predictive signal of neuron activations.

Idea: Use simple classifier (probes) to inspect the representation.

● Lightweight probes -> low capacity & expressivity

● Measure predictive performance across layers (and throughout training)

● Performance on the original task vs. on a new task



Measuring overlap

(Bau et al. 2017)

Linking neuron activations with semantic concepts.

Idea: Quantify model interpretability with segmentation overlap. 



Linking neuron activations with semantic concepts.

Idea: Quantify model interpretability with concept histograms. 

(Bau et al. 2017)



Linking sets of neuron activations with concepts.

Assumption: semantic representations are distributed

(Fong & Vedaldi. 2018)

Units must be studied in conjunction

- Collect unit activations for inputs from 
a specific probe

- Learn how to weight the collected 
activations to perform semantic tasks 

Learned weights -> Embedding

Concept-embedding Analysis



Linking neuron activations with concept compositions.

Observation: some abstract concepts can’t be covered by a single neuron

(Mu & Andreas. 2020, Oikarine & Weng 2024)

Proposal

- Expand the search space to 
include compositional logical 
forms.

- For a neuron, find a logical 
formula that best match its 
activation pattern.

FInding: concept compositions were better approximators of neuron behavior

How:



Post-hoc semantic mapping of neuron activations
What does a neuron do?

Inherently interpretable methods
Can we make neurons understandable?

Evaluation protocols
When do we understand neurons?
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Inherently interpretable methods
How can we make neurons understandable?



Injecting interpretable units via concept bottlenecks.

(Koh et al. 2020)

- Enforce the learning of pre-defined 
intermediate semantic concepts

- Make a prediction out of these concepts



Injecting interpretable units via concept bottlenecks.

(Koh et al. 2020)

- Enforce the learning of pre-defined 
intermediate semantic concepts

- Make a prediction out of these concepts

where

How:

Data

Target model

Concept prediction Downstream task



Injecting interpretable units via concept bottlenecks.

Advantage: enables manual intervention.

(Koh et al. 2020)



Injecting interpretable units via concept bottlenecks.

Advantage: enables manual intervention.

(Koh et al. 2020)



Case-based reasoning with prototype networks.

Idea: find prototypical parts and combine evidence into output.

(Chen et al. 2019)



(Chen et al. 2019)

● Learn embeddings that link the representation with the task of interest (i.e. the predictions).

● Associate the embedding with intermediate concepts of interest (e.g. object parts).

● Produced explanations reflect the decision-making process

Case-based reasoning with prototype networks.



(Chen et al. 2019)

Case-based reasoning with prototype networks.

Goal: produced explanations reflect the decision-making process.



(Rymarczyk et al., 2020, 2022)

Case-based reasoning with prototype networks.

Goal: Addressing scalability by sharing prototypes across classes.
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Ablating the effect of relevant units/neurons in the model.

Goal: Assessing the fidelity of the units on the decision-making process.

- Define a mask
- Define a baseline



Ablating the effect of relevant units/neurons in the model.

Goal: Assessing the fidelity of the units on the decision-making process.

… and measure the effect.

- Define a mask
- Define a baseline



(Alain & Bengio, 2017)

Analyzing the predictive signal of neuron activations

Idea: Use simple classifier (probes) to inspect the representation

● Targeted probing procedure

● Sparser analysis



(Proxy) Evaluation of derived explanations.

Idea: Evaluate the attribution maps produced from the relevant neurons.

How?

● Produce an attribution map 

from the interpreted neurons.

● Measure performance 

following an attribution 

evaluation protocol.



(Proxy) Evaluation of derived explanations.

Idea: Evaluate the attribution maps produced from the relevant neurons.

How?

● Produce an attribution map 

from the interpreted neurons.

● Measure performance 

following an attribution 

evaluation protocol.

but…

● Inherit the weaknesses of 

those protocols
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To control, predict, and learn from neural networks, 
we have to understand their internal working.

Monitor & steer Improve designAlign & debug Extract knowledge
(Sharkey, Open Problems in Mechanistic Interpretability. 2025)
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Mechanistic foundations
Ward Gauderis

Methods & Models
José Oramas & Thomas Dooms

Limitations & Open Problems
Thomas Dooms

This chapter…



In

Out

Mechanistic interpretability reverse-engineers learned 
representations into human concepts and algorithms.

(Bereska, Mechanistic Interpretability for AI Safety A review. 2024; Saphra, Mechanistic?. 2024)

��
��

��In

Out��
Behavioural

Mechanistic

��

Question
How can a model solve a general class of 
problems, not just one instance?

Premise
Generalisation in neural networks arises from 
shared computational mechanisms.

Scope
Any research that describes the internals of a 
model, including its activations or weights.



Features Circuits Universality

Axis 1. Networks are features, wired into circuits. 
Both can recur across models and tasks.

1. Object of study

Features
What input properties 
are encoded and how?

Circuits
How do features 
compute and interact?

Universality
Are these objects 
learned across models?

(Olah, Zoom In: An Introduction to Circuits. 2020)

Window Car body Wheel

Car



ValidationDescription Validation
Is a components 
description accurate?

Description
What does each 
component do?

Decomposition

Axis 2. Decompose, hypothesise, and test. 
Reverse-engineering follows the scientific method. 

Decomposition
What are the relevant 
components?

1. Object of study

Features Circuits Universality

2. Process stage

(Bereska, Mechanistic Interpretability for AI Safety A review. 2024; Sharkey, Open Problems in Mechanistic interpretability. 2025)
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Top-down

Axis 3. Either we ask what a component means, 
or we identify where a concept lives.

Decomposition

1. Object of study

Features Circuits Universality

ValidationDescription

Bottom-up
Given a component, what is its role?

Top-down
Given a role, where is it represented?

2. Process stage

3. Direction of search

(Sharkey, Open Problems in Mechanistic interpretability. 2025)

Unsupervised 

Supervised 
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If neurons are features…
A monosemantic neuron activates for a 
single, coherent concept.

We want features to align with human concepts. 
Neurons form a privileged basis, but are polysemantic.

(Mu, Compositional Explanations of Neurons. 2021; Elhage, Toy Models of Superposition. 2022; Scherlis, Polysemanticity and Capacity in Neural Networks. 2025)

Neuron basis
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…But empirically they are not.
A polysemantic neuron activates for 
multiple unrelated concepts.

If neurons are features…
A monosemantic neuron activates for a 
single, coherent concept.

We want features to align with human concepts. 
Neurons form a privileged basis, but are polysemantic.

(Mu, Compositional Explanations of Neurons. 2021; Elhage, Toy Models of Superposition. 2022; Scherlis, Polysemanticity and Capacity in Neural Networks. 2025)

Neuron basis
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Feature presence is linear projection.

a🐱  ≈  ⟨ d🐱| a ⟩

Under the Linear Representation Hypothesis (LRH), 
features are linear directions in activation space.

(Park, The Linear Representation Hypothesis and the Geometry of LLMs. 2023)

neuron 1

ne
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on
 2

🐱

🚗

🥗
a

a

Activations are linear combinations.

a  ≈  a🐱⋅🐱 + a🚗⋅🚗 + a🥗⋅🥗
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Under the LRH, superposition causes polysemanticity. 
Activations pack more concepts than neurons.

(Elhage, Toy Models of Superposition. 2022; Scherlis, Polysemanticity and Capacity in Neural Networks. 2025)
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Monosemantic
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Under the LRH, superposition causes polysemanticity. 
Activations pack more concepts than neurons.

(Elhage, Toy Models of Superposition. 2022; Scherlis, Polysemanticity and Capacity in Neural Networks. 2025)

                                              

                                             

                                                                     

                       



Hypothetical 
disentangled model
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Polysemantic

Monosemantic

Under the LRH, superposition causes polysemanticity. 
Activations pack more concepts than neurons.

(Elhage, Toy Models of Superposition. 2022; Scherlis, Polysemanticity and Capacity in Neural Networks. 2025)
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Dictionary learning finds sparse features.

a  ≈  Dz, ∥ z ∥0 ≤ k

An encoder replaces the search for z.

z  =  ReLU( Ea + e )
a’ =  Dz + d

The loss trades reconstruction and sparsity.

L(a, a’)  = ∥ a - a’ ∥2
2 + λ∥ z ∥1

An encoder replaces the search for z.

z  =  ReLU( Ea + e )
a’ =  Dz + d

The loss trades reconstruction and sparsity.

L(a, a’)  = ∥ a - a’ ∥2
2 + λ∥ z ∥1

Sparse autoencoders learn an overcomplete 
dictionary of feature directions without labels.

(Cunningham, Sparse Autoencoders Find Highly Interpretable Features in Language Models. 2023; Bricken, Towards Monosemanticity: Decomposing LMs With Dictionary Learning. 2023)
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Sparsity is not a proxy for interpretability. 
Every feature needs a description and a test.

(Gao, Scaling and evaluating sparse autoencoders. 2024; Bussmann, BatchTopK Sparse Autoencoders. 2024; Sharkey, Open Problems in Mechanistic interpretability. 2025)
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Features still have to be labelled.
● Decodability does not imply causality.

The decomposition is not unique.
● L1 penalises activation size, not count.
● Dictionary size affects feature granularity.
● Different seeds give different features.

For known concepts, supervision wins.
● Simpler baselines suffice downstream.



A probe uses labels to find the maximal 
separation between two classes. 

(Alain, Understanding intermediate layers using linear classifier probes. 2016)

Probing asks if a concept is linearly readable.

y ≈ σ( wa + b ), y ∈ {-1, 1}

The weights carve a separating hyperplane.

wa + b = 0

The loss rewards confidence in the true class.

L(y, a) = softplus( −y (wa + b) )

ne
ur

on
 0

neuron 1



A probe queries whether representations can 
distinguish a concept, not whether it is used. 

(Alain, Understanding intermediate layers using linear classifier probes. 2016)

neuron 1
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🚗

🥗
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Probes can lie about concept presence.
● Decodability still does not imply causality.
● Will pick up on correlations. 

Probes miss substructure.
● They answer no questions beyond presence. 



A probe finds the maximal separation, it does 
not find the concept direction itself.

(Alain, Understanding intermediate layers using linear classifier probes. 2016)

neuron 1

ne
ur

on
 2

🐱
🚗

Probes can lie about concept presence.
● Decodability still does not imply causality.
● Will pick up on correlations. 

Probes miss substructure.
● They answer no questions beyond presence.

Probes find separation; not features.
● Directions don’t align with features
● … and should hence not be compared. 



A concept bottleneck model builds 
the a set of probes into the model.

(Koh, Concept Bottleneck Models. 2020; Oikarinen, Label-Free Concept Bottleneck Models. 2023; Knab, What's in the Bottle?)

A bottleneck routes through concepts.

ĉ = g(a), ŷ = wĉ + b

The loss supervises concepts and label jointly.

L = ℓ(ŷ, y) + λ Σₖ ℓ(ĉₖ, cₖ)
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Building in probes inherit probe problems. 
Concepts leak correlates and are incomplete.

(Koh, Concept Bottleneck Models. 2020; Oikarinen, Label-Free Concept Bottleneck Models. 2023; Knab, What's in the Bottle?)

The concept set must be complete.
● Missing concepts cap accuracy.
● Residuals can interact weirdly.

Concept labels are expensive.
● Dense annotation per input
● ‘label-free’ outsources to an oracle.

Neuron basis

neuron 1
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Soft bottlenecks still allows 
non-linear signal to go through. 

(Koh, Concept Bottleneck Models. 2020; Oikarinen, Label-Free Concept Bottleneck Models. 2023; Knab, What's in the Bottle?)

The concept set must be complete.
● Missing concepts cap accuracy.
● Residuals can interact weirdly.

Concept labels are expensive.
● Dense annotation per input
● ‘label-free’ outsources to an oracle.

Soft concepts leak.
● Carry unlabelled signal past bottleneck.
● Non-linear signal is not penalizedNeuron basis

neuron 1
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Transcoders sparsify the computation,
they decompose the model into circuits.  

(Dunefsky, Transcoders Find Interpretable LLM Feature Circuits. 2024; Ameisen, Circuit Tracing: Revealing Computational Graphs in Language Models. 2025)

The dictionary is the same as an autoencoder.
 
z = ReLU( Ea + e )
a* = MLP(a) ≈ Dz + d

But it reconstructions the layer’s output.

L = ‖a* − Dz − d‖² + λ‖z‖₁

                                              

                                             

                                                                     

                       

                                                                                            

                                                                                            

…
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(Dunefsky, Transcoders Find Interpretable LLM Feature Circuits. 2024; Ameisen, Circuit Tracing: Revealing Computational Graphs in Language Models. 2025)

Circuits describe feature interactions.
● Follow how features are computed.
● Test the proposed connections.

                                              

                                             

                                                                     

                       

                                              

                                                                    

 Understanding circuits allows 
tracing how a feature is formed.



(Dunefsky, Transcoders Find Interpretable LLM Feature Circuits. 2024; Ameisen, Circuit Tracing: Revealing Computational Graphs in Language Models. 2025)

                                              

                                             

                                                                     

                       

                                              

                                                                    

 

Circuits describe feature interactions.
● Follow how features are computed.
● Test the proposed connections.

Approximation errors can compound.
● Layer-wise fits can miss model behaviour.
● Error nodes retain unexplained signal.

SAE caveats still apply.
● Check width, sparsity and stability.
● Sparse activations ≠ sparse circuits

Understanding circuits allows 
tracing how a feature is formed.



A decomposition need not be unique.
Identifiability requires assumptions.

(Hillar & Sommer, Dictionary Identifiability, 2015; Paulo & Belrose, Different Features, 2025)

Identifiability asks for uniqueness.
● Allow rescaling and permutation.

Stability tests the fitted solution.
● Vary seeds, data, width, and sparsity.

Same activation data

SAE seed 1 SAE seed 2

shared

split / changed

Schematic dictionaries



Universality depends on the comparison.
Features, geometry or function?

(Kornblith et al., Representation Similarity, 2019; Bansal et al., Model Stitching, 2021)

Do models organise inputs similarly?
● Compare the geometry of their activations.

Can their representations work together?
● A learned adapter joins two frozen models.

Do they share candidate components?
● Compare features or fit a shared dictionary.

Model A Model B

A adapter B
frozen frozen

dictionary A dictionary B



Centered kernel alignment compares layers.
High similarity does not prove shared circuits.

(Kornblith, Similarity of Neural Network Representations Revisited. 2019)

M
od

el
 A

 la
ye

rs

Model B layers

Use matched input examples.
● Collect and centre activations; feature 

counts may differ.

Read the layer-by-layer comparison.
● Darker cells indicate greater similarity; 

blocks reveal layer groupings.

Similar geometry leaves causal questions.
● Rotations and uniform scaling are ignored; 

shared roles need separate tests.

Light to dark: low to high CKA (schematic)



Crosscoders learn one shared code.
Each site keeps its own decoder.

(Lindsey, Sparse Crosscoders for Cross-Layer Features and Model Diffing. 2024; Minder, Overcoming Sparsity Artifacts in Crosscoders. 2025)

One code combines multiple sites.
z = ReLU(E₁a₁ + E₂a₂ + e)

Each site has its own decoder.
â₁ = D₁z + d₁
â₂ = D₂z + d₂

The loss trades reconstruction and sparsity.
L = ‖a₁ − â₁‖² + ‖a₂ − â₂‖² + λR

model 1 model 2

â₁ â₂

z

a₁ a₂

Paired activations for the same input



Sparsity can create apparent differences.
Model-only latents need targeted checks.

(Lindsey, Sparse Crosscoders for Cross-Layer Features and Model Diffing. 2024; Minder, Overcoming Sparsity Artifacts in Crosscoders. 2025)

L1 can create false exclusivity.
● Shrinkage can erase useful decoder weights.

A shared code leaves causal questions.
● Joint encoding does not establish a circuit.

An apparent model-only latent

z

‖d₁‖ ≈ 0 ‖d₂‖ > 0

model 1 model 2



Examples suggest what a feature detects.
An LLM turns the pattern into a hypothesis.

(Bills et al., 2023; Paulo et al., Automatically Interpreting Millions of Features, 2024; Gur-Arieh et al., 2025)

Input evidence suggests a description.
● Inspect activating contexts and token-level 

attribution.

Output evidence suggests a role.
● Vocabulary projections are clues; 

interventions test effects.

Examples + activations

The cat slept. 8

A sleepy cat purred. 9

The cat stretched. 7

Explainer LLM

“Feline-related text”
Schematic activations



(Paulo et al., Automatically Interpreting Features, 2024; Heap et al., Automated Interpretability Metrics, 2026)

Detection checks the context.
● Does any token activate the feature?

Fuzzing checks the marked tokens.
● Are these the positions where it activates?

Compare against a null model.
● Detection and fuzzing can score randomized 

models well.

Hypothesis: feline words

The lion roared.
Any activation?  Yes

The lion roared. Correct

The lion roared. Incorrect

A label must survive new examples.
Counterexamples reveal its scope.



Surprisal tests how much a label helps.
It should help most on activating contexts.

(Paulo et al., Automatically Interpreting Millions of Features, 2024)

Score the description.
● Measure gain over a generic description.

Rank held-out contexts.
● Use the reduction to separate active from 

inactive examples.

Gain = NLL(generic) − NLL(label)

Context Generic Label Gain

cat 12 8 4

lion 13 10 3

dog 11 10.8 0.2

The animal is a …



Can you spot the intruder?
Coherence can be tested without a label.

(Paulo & Belrose, Evaluating SAE Interpretability Without Explanations, 2025)

Four positives, one negative.
● Choose the example that does not belong.

Score accuracy across examples.
● Chance accuracy is 20%.

Five held-out contexts

1. The ferry crossed the bay.

2. He took the tram home.

3. She caught the bus today.

4. The apple tasted sweet.

5. The train arrived.

Schematic intruder test



Before After ablation

Predicted effect

Cat

Control

Causal claims predict intervention effects.
The setup defines the scope of the test.

(Geiger et al., DAS, 2023; Makelov et al., Subspace Activation Patching, 2023)

Specify the causal hypothesis.
● Set variables, basis, and intervention rules.

Distributed Alignment Search (DAS).
● Align to a fixed causal model.

Test predictions against controls.
● Report test scope and uncertainty.



Known program

RASP Tracr

Model organism

Objective Audit

Practical task

Model edit Task score

Validation needs more than one setting.
Known mechanisms and real tasks differ.

(Lindner et al., Tracr, 2023; Marks et al., Hidden Objectives, 2025; Wu et al., AxBench, 2025)

Known programs test recovery.
● Tracr provides a computation to recover.

Model organisms test failure detection.
● Can an audit find the hidden objective?

Real tasks test usefulness.
● Compare strong baselines for this question.
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Several directions can encode one concept.
Interventions test their computational role.

(Engels et al., Not All Language Model Features Are One-Dimensionally Linear, 2024 / ICLR 2025)

A feature can have internal geometry.
● Weekdays can trace a circle in a plane.

PCA alone does not identify a mechanism.
● Intervene on the subspace; test its role.

Mon

Tue

Wed

ThuFri

Sat

Sun

One structured representation
Schematic weekday circle



Block-sparse featurizers select vectors.
Sparsity is imposed across whole blocks.

(Fel et al., Structuring Sparsity, 2026; Jerpelea & Ananthram, A Deeper Analysis of BSFs, 2026)

Select a few vector blocks.
● Top-k keeps the blocks with largest norms.

Keep structure within each block.
● Signed coordinates can vary together.

Blocks are a modelling assumption.
● A block need not match one concept.

Select whole vector blocks

z₁

active

z₂

inactive

z₃

active

x̂ = D₁z₁ + D₂z₂ + D₃z₃

Schematic coordinates across inputs



Attention routes OV outputs

QK OV

APD: additive weight components

θ ≈ θ₁ + θ₂ + θ₃

active inactive active

Weights also admit a decomposition.
APD searches for reusable components.

(Elhage et al., A Mathematical Framework, 2021; Braun et al., APD, 2025; Bushnaq et al., SPD, 2025)

QK and OV expose weight circuits.
● QK scores where to attend.
● OV maps what is written.

APD adds reusable components.
● Rebuild weights; use few pieces per input.

Interactions still matter.
● Parameters add; outputs need not.



APD depends on costly fitting and tuning.
Its importance scores are approximations.

(Braun et al., Attribution-based Parameter Decomposition, 2025; Bushnaq et al., SPD, 2025)

Fitting costs memory and computation.
● More parameter components add overhead.

Sparsity changes the decomposition.
● Tune top-k and simplicity penalties.

Attribution is a causal proxy.
● Gradients can misestimate ablation effects.

More components cost more to fit

Weights

A local estimate can miss curvature
linear proxy effect

intervention size



We can find and test the parts.
When do they explain the computation?

(Gauderis et al., From Mechanistic to Compositional Interpretability, 2026; Sharkey et al., Open Problems, 2025)

Account for parts and interactions.
● How do they combine into the computation?

Specify fidelity and what is missing.
● Which effects are preserved or unexplained?

Compare explanations for a purpose.
● Which helps answer the actual question?

Parts and interactions

Component A Component B

Interaction

Prediction
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(Madsen, Interpretability Needs a New Paradigm. 2024; Sharkey, Open Problems in Mechanistic Interpretability. 2025)

“How does the model solve this 
general class of problems?”

Mechanistic 
interpretability

In

Out

Explanatory faithfulness
Heuristic, but no foundations

��
��

As AI adoption grows, regulation asks questions 
our interpretability tools cannot yet answer.
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Intrinsic 
interpretability
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🔓
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Out

Inherent faithfulness
Guarantees, but constrained
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Compositional interpretability is a formal framework to 
evaluate, compare and improve explanations.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

Two model-agnostic principles, formalised,

● Compositionality 
○ Category Theory

● Occam’s Razor
○ Minimum Description Length

cast interpretability as constrained optimisation.
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Compositional interpretability is a formal framework to 
evaluate, compare and improve explanations.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

Two model-agnostic principles, formalised,

● Compositionality 
○ Category Theory

● Occam’s Razor
○ Minimum Description Length

cast interpretability as constrained optimisation.



Coming up…

1. What are compositional interpretations?

2. What makes explanations good?

3. How do we find better explanations?



Post-hoc interpretations only map input-output 
behaviour to explanations.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

C Semantics
E Explanation 

 ICSemantic interpretation

C E
IC

O

I

✅/❌

Image

🐱?

C E

m
IC



Compositional models abstract high-level syntax from 
low-level semantics.

(Tull, Towards Compositional Interpretability for XAI. 2024; Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

S Syntax
C Semantics
E Explanation 

[[·]] Representation
 IC Semantic interpretation

C E
IC

S

[[·]]

S

m
f

g

=



Compositional interpretations mechanistically explain 
how a model works, step-by-step.

(Tull, Towards Compositional Interpretability for XAI. 2024; Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

C E
IC

S

[[·]]
IS

S Syntax
C Semantics
E Explanation 

[[·]] Representation
 IC Semantic interpretation
 IS Syntactic interpretation

S E

🐾∧🟠

��f

g
IS

IS



Category theory and string diagrams are the 
mathematics of compositional structure.

(Tull, Towards Compositional Interpretability for XAI. 2024)

A compositional interpretation I( Iₐ, I꜀, I꜀*, H ) for M 
into H consists of:

● Iₐ : S → H, an abstract interpretation functor
● I꜀ : C → H, a concrete interpretation functor s.t.

Iₐ = I꜀ ○ ⟦ - ⟧

● I꜀*: H → C, the left adjoint to I꜀ (I꜀* ⊣ I꜀) defined 
by the natural isomorphism 

Hom꜀( I*( h ), c ) ≅ Homₛ( h, I꜀( c ) )

Examples include:
● CartSp of Euclidean spaces and continuous functions
● Stoch of finite sets and probability channels
● Quant of finite-dimensional Hilbert spaces and CP-maps

A compositional model M = ( D, G, ⟦ -⟧, C ) consists of:
● G, a signature inducing S = Free(G), an abstract 

syntactic category
● D ∈ Homₛ(I, O), a composite morphism in S
● C, a concrete semantic category
● ⟦ - ⟧ : S → C, a representation functor

A string diagram is a visual representation of a composite 
morphism in a symmetric monoidal category C equipped with:

● I ∈ ob( C ), the monoidal unit object
● ⊗ : C × C → C, a bifunctor for the tensor product
● Natural isomorphisms for the associator, symmetry, left 

and right unitors (left as an exercise to the reader)

A Category C consists of:
● ob( C ), a class of objects
● hom꜀( A, B ), a class of morphisms for A, B ∈ ob( C )
● idₐ ∈ hom꜀( A, A ), an identity morphism for A ∈ ob( C )
● ○ : hom꜀( B, C ) × hom꜀( A, B ) → hom꜀( A, C ), an 

associative operator that respects identity morphisms



This language lets us formalise and structurally 
compare interpretability methods.

(Duneau, Towards a Comparative Framework for Compositional AI Models. 2025; Braun, Open Problems in Mechanistic Interpretability. 2025; Bushnaq, Stochastic Parameter Decomposition. 2025)

S Syntax
C Semantics
E Explanation 

 IC Semantic interpretation
 IS Syntactic interpretation

S

P E

I

C

I Input-dependent structure 

P Parameter space 

C’ Proxy semantics

C’

IS

IC



y n n

+

y

🟠?

😻🥛? 🐾?

The objective of interpretability is to search for 
complete compositional interpretations.

(Tull, Towards Compositional Interpretability for XAI. 2024; Madsen, Interpretability Needs a New Paradigm. 2024)

Linear regression

+

w1 wn b. . .

Decision tree

Intrinsically interpretable models have compositional interpretations.
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What makes a fastest path algorithm good?

DijkstraBrute force

exact exact

(Kowalski, Algorithm = Logic + Control. 1979)



What makes a fastest path algorithm good?

Weighted A*DijkstraBrute force Greedy

exact exact bounded error unbounded error

(Kowalski, Algorithm = Logic + Control. 1979)



We can rank an algorithm goodness
based on time and error.

Weighted A*

Dijkstra

Brute force

Greedy

compute time

time

time

error

(Kowalski, Algorithm = Logic + Control. 1979)



Interpretability is a communication problem: the best 
explanations are the most compressed.

correctionexplanation

(Ayorinde, A Mathematical Philosophy of Explanations in Mechanistic Interpretability. 2025; Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

L(model) L(data | model)

L(data) = L(model) + L(data | model)

description length



Interpretability is a communication problem: the best 
explanations are the most compressed.

sender model corrections receiver

description length

L(Data) = L(Model) + L(Data | Model)

(Rissanen, Modeling by Shortest Data Description. 1978)



Describing the model through an explanation has two 
different costs.

S

C E

[[·]]
Is

Icdata model

corrections

L([[D]]) ≤ L(Is(D)) + L([[D]] | Is(D))

(Rissanen, Modeling by Shortest Data Description. 1978; Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)



For interpretations, we formalise this ranking 
with the notion of description length.

unfaithfulnesscomplexity

Semantic errorSyntactic interpretation

L(IS(D)) L([[D]] | IS(D))

(Ayorinde, A Mathematical Philosophy of Explanations in Mechanistic Interpretability. 2025; Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)



Since an interpretations is subjective,
we decompose into parts.

representation [[·]] interpretation IC

wiring components

Concept 
alignment

Semantic 
error

Functional 
complexity

Syntactic 
interpretation

Decomposition
complexity

subjective

objective

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

unfaithfulnesscomplexity IS



Description length gives us a framework
to assess when interpretations cheat.

wiring components Functional 
complexity

Routing
complexity

L(ReLU)
=
?

L(Matrix)
=
…

+

Syntactic complexity can 
degenerate if not measured

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)
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S

i

h

Compressive refinements can simplify representations 
without changing model behaviour.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

S Syntax
C Semantics
E Explanation 

[[·]] Representation
 IC Semantic interpretation
 IS Syntactic interpretation

C E
IC

S

[[·]]
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Compressive refinements can simplify representations 
without changing model behaviour.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

C

S

[[·]]

S Syntax
C Semantics
E Explanation 

R Syntactic refinement
[[·]] Representation
 IC Semantic interpretation
 IS Syntactic interpretation

S’

[[·]]'

L([[·]])

f

g
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R

R

R

L([[·]]’)≥
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Compressive refinements can simplify representations 
without changing model behaviour.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

C E
IC

S

[[·]] IS

S Syntax
C Semantics
E Explanation 

R Syntactic refinement
[[·]] Representation
 IC Semantic interpretation
 IS Syntactic interpretation

S’

[[·]]'
E

🐾∧🟠

��

IS

ISf

g

S’

R

R

R

L([[·]]) L([[·]]’)≥



Simpler does not always mean more interpretable…
But it does under the parsimony criterion.

(Ayorinde, A Mathematical Philosophy of Explanations in Mechanistic Interpretability. 2025; Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

Complex syntax S

Refined syntax S’



Simpler does not always mean more interpretable…
But it does under the parsimony criterion.

(Ayorinde, A Mathematical Philosophy of Explanations in Mechanistic Interpretability. 2025; Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

Comonotonic coding suffices.

A coding distribution is a prior. 
Encode explanatory optimism in it, 
and both complexities fall together. 

L([[·]])   :=    -log2P([[·]])

Complex syntax S

Refined syntax S’



Make faithfulness and complexity measurable, and 
interpretability becomes constrained optimisation.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

Search space
refinement in S

Constraint
faithful in C

Objective
complexity of [[·]]



Make faithfulness and complexity measurable, and 
interpretability becomes constrained optimisation.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

Post-hoc Intrinsic

Saliency map Attention head SAE Transcoder APD Attribution graph Weight-sparse NN CBM

Search space
refinement in S

Constraint
faithful in C

Objective
complexity of [[·]]

Interpretability is a spectrum, not a constraint.
● Including post-hoc, mechanistic and intrinsic

Interpretability is relative to assumptions on E.
● To compare across Es, use description length.
● Choosing E is also a question for cognitive science.

If description length stays high, design new models.
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Make faithfulness and complexity measurable, and 
interpretability becomes constrained optimisation.

(Gauderis, Dooms, From Mechanistic to Compositional Interpretability. 2026)

Post-hoc Intrinsic

Saliency map Attention head SAE Transcoder APD Attribution graph Weight-sparse NN CBM

Interpretability is a spectrum, not a constraint.
● Including post-hoc, mechanistic and intrinsic

Interpretability is relative to assumptions on E.
● To compare across Es, use description length.
● Choosing E is also a question for cognitive science.

If description length stays high, design new models.

Search space
refinement in S

Constraint
faithful in C

Objective
complexity of [[·]]
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Neural networks are hard to refine and to measure.
Syntactic refinement becomes approximation.

(Khatri, Graphical einops: bridging tensor networks and computation graphs. 2026; Méloux, Is Mechanistic Interpretability Identifiable?. 2025)

A neural model is a compositional model with
● the syntax of a copy-discard string diagram
● semantics in CartSp (continuous maps 

between Cartesian spaces)

S

A box can be any function (in theory)

No interesting way to rewrite structure

                                              

                                                                                            

                                              

                                              



Tensor models are tractable to refine and measure.
Their structure resembles neural architectures.

(Pearce, BIlinear MLPs Enable Weight-based Mechanistic Interpretability. 2024; Dooms, Gauderis, Compositionality Unlocks Deep Interpretable models. 2024)

A tensor model is a compositional model with
● the syntax of an additive hypergraph
● semantics in FdHilbℝ (linear maps and 

finite-dimensional real Hilbert spaces)

A box is a higher-order interaction

A rich framework for decompositions 



The appealing properties of compositional understanding 

can be scaled to state-of-the-art networks using tensor-based models.



Coming up…

1. How do we operationalise compositional interpretability?

2. What can we do with these models?

3. How are these used in practice?



A curious table from a curious paper.

“We offer no explanation as to why these architectures seem to work; 
we attribute their success, as all else, to divine benevolence.”

(Shazeer; 2020)



A bilinear layers is a tensor, 
which can be interpreted compositionally.

(Chrysos et al. 2024; Dooms, Gauderis et al. 2024; Hamreras et al. 2025; Gauderis, Dooms et al. forthcoming)



Attention can also be easily converted.
We can use a similar trick by making it quadratic.

(Chrysos et al. 2024; Dooms, Gauderis et al. 2024; Hamreras et al. 2025; Gauderis, Dooms et al. forthcoming)



Tensor models are performant across tasks.
Training to the same loss is equally fast.

Higher is better

40M parameter transformers
(Shazeer et al. 2020; Pearce et al. 2024; Gauderis, Dooms et al. forthcoming)



Coming up…
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Many operations on matrices are tensor networks.



These operations intuitively generalise to tensors.
This enables efficient computation of metrics.



This enables decomposing models analytically
while keeping into account all present structure.



Global decompositions outperforms local versions.
Models retain accuracy under strong compression.

Higher is better

(Grelier et al. 2018; Dooms, Gauderis et al. 2024; Gauderis, Dooms et al. forthcoming)



We can use weight sparsity to prune networks.
This allows even lower description length.

(Frankle et al. 2018; Gao et al. 2025; internal experiments)
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Rank decompositions also reveal what models learn, 
purely from their weights.

(Gauderis, Dooms et al. forthcoming)



(Nissen et al.; When are two networks the same? tensor similarity for mechanistic interpretability. 2026)

Tensors are not only useful for decomposing,
but can also measure similarity across training.



(Internal experiments)

Interpretability aims to find the 
geometry of concepts inside neural models.

Sparse composition Sparse activation



These tools are useful outside of language models, 
they can become drivers of scientific discovery.

(Dooms et al. 2026; Pearce et al. 2026)



These tools are useful outside of language models, 
they can become drivers of scientific discovery.

(Dooms et al. 2026; Pearce et al. 2026)



Interpretability is a constrained optimisation problem.
Optimize simplicity under compositional constraints.

Composition Compression Interpretability*

+ =

*Left as exercise to the reader.



Thomas DoomsWard Gauderis

Jose OramasGeraint Wiggins

Want to know more or reach out?


