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Course Outline

I. Interpretability theory

II. Blueprint for interpretable models

+ interpretability in PyTorch

III. Concept representations

IV. Concept-based predictors

Mon 2:00 pm – 3:30 pm

Tue 2:00 pm – 3:30 pm
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From Theory to Coding
I. Annotated Tensors (~5 mins)

II. Blueprint for interpretable models (~10 mins)

III. Interventions & control (~15 mins)

IV. PyC hands-on! Interpretable layers and interventions (~10 mins)

  Q&A + 5 min break

V. Blueprint for probabilistic interpretable machine learning (~15 mins)

VI. PyC hands-on! Probabilistic interpretable models (~10 mins)

VII. High-level APIs and Conceptarium (~10 mins)

  Final Q&A
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Annotations: define concept names and domains

Annotated tensors
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Annotations: define concept names and domains
Annotated tensors: enable concept-based operations on torch tensors

Annotated tensors
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From Theory to Coding
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II. Blueprint for interpretable models (~10 mins)

III. Interventions & control (~15 mins)

IV. PyC hands-on! Interpretable layers and interventions (~10 mins)
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11Blueprint for interpretable models
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Building blocks of interpretable models

“Concept encoder” “Task predictor from Z” “Task predictor from C”

Symmetry I Symmetry II Symmetry III
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Building blocks of interpretable models

“Concept encoder” “Task predictor from Z” “Task predictor from C”

100% “opaque 
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100% “interpretable 
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“Task predictor”

Symmetry I Symmetry II Symmetry III
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Building blocks of interpretable models

“Concept encoder” “Task predictor from Z” “Task predictor from C”

100% “opaque 
signature”

100% “interpretable 
signature”

“Task predictor”“Base concept module”

Concept can be 
predicted from 
other concepts

When the task 
is a concept

Symmetry I Symmetry II Symmetry III
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Blueprint for interpretable models

Blueprint for interpretable models
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Blueprint for interpretable models

Blueprint for interpretable models
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Blueprint for interpretable models

cancer

CONCEPT BOTTLENECK MODEL

Blueprint for interpretable models

latent var
smoking

tar deposit

[1] Koh, et al. "Concept bottleneck models." International conference on machine learning. PMLR, 2020. 18Blueprint for interpretable models



From Theory to Coding
I. Annotated Tensors (~5 mins)
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Interventions & control
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21Interventions & control[1] Koh, et al. "Concept bottleneck models." International conference on machine learning. PMLR, 2020.



Interventions & control
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Interventions & control
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23[1] Goyal et al. "Explaining classifiers with causal concept effect (cace)." arXiv preprint arXiv:1907.07165 (2019). Interventions & control



Interventions & control
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Interventions & control

CAUSAL EFFECT 
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satisfy user request

Minimal change in concepts 
s.t. cancer changes

True → False?

25[1] Wachter et al. "Counterfactual explanations without opening the black box: Automated decisions and the GDPR." arXiv preprint arXiv:1711.00399 (2017).
Interventions & control
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Interventions & control

CAUSAL EFFECT 
ESTIMATION CONTROL

INTERPRETABLE MODELS SUPPORT

INTERVENTIONS DEBUGGING

User can easily 
validate concepts

User cannot easily 
validate task

cancerlatent var
smoking

tar deposit

cancer
smoking

tar deposit

domain expert

27[1] Koh, et al. "Concept bottleneck models." International conference on machine learning. PMLR, 2020. Interventions & control



Hands-on session
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Create a copy of the notebook

https://colab.research.google.com/drive/1oB5UEItyQu4EaAr-IJIWX8eCzJs3uAg9?usp=sharing

PyC hands-on

https://colab.research.google.com/drive/1oB5UEItyQu4EaAr-IJIWX8eCzJs3uAg9?usp=sharing


From Theory to Coding
I. Annotated Tensors (~5 mins)
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IV. PyC hands-on! Interpretable layers and interventions (~10 mins)

  Q&A + 5 min break
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Blueprint for interpretable models

cancer
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Blueprint for interpretable models
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[1] Koh, et al. "Concept bottleneck models." International conference on machine learning. PMLR, 2020. 30Blueprint for probabilistic interpretable ML
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Random variables

tar deposit

32Blueprint for probabilistic interpretable ML



Random variables
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Conditional probability tables
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Conditional probability tables

cancer
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0 0 0.1

0 1 0.6
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Solution: compute the parameters of the 
output distribution as a function of the 
parents’ values!
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Parametric conditional probability distributions

cancertar deposit

parametric
function
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Parametric conditional probability distributions

distribution
parameters

tar deposit cancer

function
parameters
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Interpretable probabilistic models

cancer

PROBABILISTIC CONCEPT BOTTLENECK MODEL

latent var
smoking

tar deposit

Blueprint for interpretable 
probabilistic models
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Probabilistic inference

tar deposit cancer

?
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Ancestral sampling

tar deposit cancer
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Ancestral sampling

tar deposit cancer
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“Deterministic” inference

tar deposit cancer
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Interventional inference

cancerlatent var
smoking

tar deposit

ground truth data

CAUSAL EFFECT 
ESTIMATIONINTERVENTIONS CONTROL DEBUGGING

INTERPRETABLE MODELS SUPPORT
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Hands-on session
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Create a copy of the notebook

https://colab.research.google.com/drive/1FnTUV06xz1mdQbX2qhH2o0OLm3bwI0Gv?usp=sharing

PyC hands-on

https://colab.research.google.com/drive/1FnTUV06xz1mdQbX2qhH2o0OLm3bwI0Gv?usp=sharing
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High-level API

Out-of-the-box Models
Torch-style
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High-level API

Out-of-the-box Models
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High-level API
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High-level API

Out-of-the-box Models
Torch-style Lightning-style
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Steerling-8B

52[1] GuideLabs "Scaling Inherently Interpretable Language Models." Technical report (2026).

Concept-based LLM with 8Bn parameter
by
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Loss

Automatic type-aware routing:
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Automatic type-aware routing: Pass it to the model:

Loss
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Metrics

Support for:

     PyTorch metrics  
          (concept accuracy, …) 

     PyC metrics 
     (interventions, leakage, …)

Automatic type-aware routing:



Specify which metrics are tracked 
during training:

Metrics
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Specify which metrics are tracked 
during training: … and which are computed at test:

Metrics



59Conceptarium

Interpretable 
Layers Interventions Functionals

Interpretable Probabilistic 
Graphical Models

Datasets

Parallelized (Tensorial) 
Probabilistic Inference

Conceptarium: Standardized & Configurable Interpretable Pipelines

External 
libraries

Research in interpretable 
modules

(Low-level API)

Research in interpretable 
architectures

(Mid-level API)

Out-of-the-box models
(High-level API) 

Applications & benchmarking
(No-code API) 

Out-of-the-Box State-of-the-Art Interpretable Models

Annotations Annotated
tensors
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All PyC elements can be configured:

● Datasets

● Model

● Losses / metrics

● Training parameters

● etc.
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….

Dataset cfg:Model cfg:Main cfg:
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And then…
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What’s next?

Standardize research in interpretability

Code
● Model design
● Benchmarks

Theory
● Definitions
● Research method

Methods
● Models
● Metrics

1 2 3
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