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AIs are providing us with many kinds of assistance



… but AIs make mistakes too



… but AIs make mistakes too

These mistakes highlight the need for 
AI oversight, particularly in high-risk 

situations



Interpretability for AI Oversight

Interpretability is critical when the problem cannot be fully formalized or 
checked computationally

Output

Being able to inspect and interpret a model can 
help us identify: 

• Missing features (e.g. fluid balance to help 
disambiguate hypotension response; genetic 
markers to distinguish viral strains of HIV)

• Incorrect features (e.g. t0 --> to for cancer 
staging)

• Causality leakage (e.g. alerting about a risk 
event a team already knows about)

• Safety breaches, inconsistencies in objectives 
and many more issues ….



The ‘right’ method for interpretability is context-dependent

Validation in settings where features are 
inherently interpretable

Settings where Human+AI teaming is needed

Validation in settings where humans are natural experts



Concept Bottleneck Models

AI Model
Input

Mewing?
Tail Length

Has whiskers?

Fur colour ….

These models use input features to determine interpretable concepts and then 
predict labels using these concepts



Concept Bottleneck Models

AI Model
Input

Mewing?
Tail Length

Has whiskers?

Fur colour ….

These models use input features to determine interpretable concepts and then 
predict labels using these concepts

ü Competitive accuracy with 
standard models

ü Little tradeoff between concept 
and label accuracy

ü Provide semantically 
meaningful representations

 
ü Ability to directly intervene on 

concepts



Training Concept Bottleneck Models

AI Model
Input
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Concept Bottleneck Models for Clinical Timeseries 
Idea: Constrain time-series to retain only information relevant using concepts for 

determining outcomes; 

Learning Optimal Summaries of Clinical Time-series with Concept Bottleneck Models. Wu et al 2022, MLHC

Var(HR) > c

Recent 
SPO2 < 

c2

EEG 
decreasing

Hypertensive?

On Sedation?

On ventilation?

…

Interpretable Feature 
Summaries

Concept Bottleneck 
(semantically meaningful)

Prediction

…



Concept Bottleneck Models provide good predictive 
performance and the ability to intervene on derived concepts

Learning Optimal Summaries of Clinical Time-series with Concept Bottleneck Models. Wu et al 2022, MLHC
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Concept Bottleneck Models provide good predictive 
performance and the ability to intervene on derived concepts

Learning Optimal Summaries of Clinical Time-series with Concept Bottleneck Models. Wu et al 2022, MLHC

Unfortunately, most of these concepts 
on their own are still not clinically useful 

as they largely capture what doctors 
already know.



Context matters in Concept Bottleneck Models
There is a lot of contextual information provided in clinical notes that is not 

captured in medical time-series. Can concepts help here?   

Idea: Combine concepts learned from time-series with concepts derived using LLMs 
from clinical notes for additional context.

✗ Option 1: Use feature set to define both LLM-
based concepts and concepts that summarise 

the time-series and predict label using the 
combination.  

ü Option 2: Derive LLM-based concepts 
independently from concepts that summarise 

the time-series and use these to jointly 
predict label  

Augmenting Concept Bottleneck Models with Language-Based Context –Anish Narain, Dominic Marshall, Sonali Parbhoo, in submission 2024



Augmenting Concept Bottleneck Models with Contextual 
Information

• Use Meta’s LLama3 on discharge summaries, radiology reports and ECG studies to 
extract contextual summaries

Augmenting Concept Bottleneck Models with Language-Based Context –Anish Narain, Dominic Marshall, Sonali Parbhoo, in submission 2024



Context-Aware Concept Bottleneck Models have improved predictive 
performance and extract clinically relevant concepts

• Context-Aware CBMs identify those key concepts critical for diagnosing respiratory 
distress. 

Augmenting Concept Bottleneck Models with Language-Based Context –Anish Narain, Dominic Marshall, Sonali Parbhoo, in submission 2024



Concept Bottleneck Models Can Leak Information

• Unlike hard concept bottleneck models, “soft” concept layers 
(e.g. sigmoids) allow for efficient optimization.

• However, soft concept layers can leak information. E.g. if p(c1) = 
0.9-1.0 both c1 and c2 are present; if p(c1) = 0.7-0.9 only c1 is 
present. i.e knowing something about one concept might tell us 
about the other concepts indirectly. 
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Promises and Pitfalls of Concept Bottleneck Models – Mahinpei et al, Proceeding at the International Conference on Machine Learning: Workshop on Theoretic Foundation, Criticism, and Application Trend of Explainable AI,. 2021;1 :1-13.



Types of Information Leakage
Leakage is the amount of unintended information that is leaked from the input     to 
the label through a soft concept     , which is not present in its hard representation    . 
Leakage can occur for one of two reasons:

• Leakage due to inherent uncertainty on concept predictions:
The concept sets themselves may be incomplete or insufficient for capturing all the 
relevant information about a problem. Additional information from the inputs may 
bypass the concept layer and be leveraged for predicting labels.

• Leakage through label predictor: 
Performance of a joint CBM may depend on trading label accuracy and concept 
accuracy in joint training through parameter    . When this parameter is small, the 
label predictor might cheat and shape the concept probabilities unintuitively to 
achieve a higher task accuracy.
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Capturing Leaky Information Through A Side Channel
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Autoregressive Concept 
Modelling

Capturing additional leaky 
information 

Idea: Train hard CBMs and marginalize to have same predictive 
power as soft concept bottlenecks

Addressing Leakage in Concept Bottleneck Models – Havasi, Parbhoo, Doshi-Velez, NeuRIPS 2022



CBMs with a side channel achieve same performance as 
leaky counterparts that cheat

Despite their performance, CBMs with side channels do not enable us to inspect leaky 
information explicitly.

Addressing Leakage in Concept Bottleneck Models – Havasi, Parbhoo, Doshi-Velez, NeuRIPS 2022



Leakage in Hard vs Soft Concept Bottlenecks

• Hard concept bottleneck models do not 
suffer from leaky information due to 
uncertainty on concepts, since subjects are 
assigned hard concept labels.

• Soft concept bottleneck models have this 
issue because concept sets may be 
incomplete and/or subject to 
unobserved/hidden variables.

• Leakage due to uncertainty on concepts 
occurs more frequently in sequentially 
trained soft CBMs.

Promises and Pitfalls of Concept Bottleneck Models – Mahinpei et al, Proceeding at the International Conference on Machine Learning: Workshop on Theoretic Foundation, Criticism, and Application Trend of Explainable AI,. 2021;1 :1-13.



Visualising Leaky Information with Trees

Idea: If a tree using leaky concept probabilities can further classify a subset of the data ending 
up in a leaf of a tree that only uses hard concepts, then information leakage is observed for this 
subset.

• The naïve approach of comparing a 
hard CBM with a trained sequential 
CBM is non-trivial.  Instead, we can 
fit sequential CBMs to specialise 
the predictions of a hard CBM 
based using leakage.

Hierachical Leakage Control in Concept Bottleneck Models with Trees– Angelos Ragkousis and Sonali Parbhoo, arXiv preprint, 2024.



Visualising Leaky Information with Trees

Hierachical Leakage Control in Concept Bottleneck Models with Trees– Angelos Ragkousis and Sonali Parbhoo, arXiv preprint, 2024.

Step 1: Train a Hard CBM using a tree for the 
label predictor. That is, C→Y Decision Tree 
trained with Hard Concepts [0 or 1].
  



Visualising Leaky Information with Trees

Hierachical Leakage Control in Concept Bottleneck Models with Trees– Angelos Ragkousis and Sonali Parbhoo, arXiv preprint, 2024.

Step 1: Train a Hard CBM using a tree for the 
label predictor. That is, C→Y Decision Tree 
trained with Hard Concepts [0 or 1].
  

Step 2: Extract the decision paths of the 
tree and the hard concepts values used 
per path.



Visualising Leaky Information with Trees

Hierachical Leakage Control in Concept Bottleneck Models with Trees– Angelos Ragkousis and Sonali Parbhoo, arXiv preprint, 2024.

Step 3: Train a Sequential CBM with Mixed 
Concepts for each leaf.  That is, Copy the 
trained X→C network.

• For the concepts not appearing in the 
decision path of the leaf, assign the 
corresponding hard value (0 or 1) as 
input to the C→Y decision tree.

§ For the concepts appearing in the 
decision path of the leaf, use the soft 
probability of the X→C as input to the 
C→Y decision tree

• Merge the DTs into a single tree C→Y and 
perform the inspection

  



An Example

Hierachical Leakage Control in Concept Bottleneck Models with Trees– Angelos Ragkousis and Sonali Parbhoo, arXiv preprint, 2024.

• Two indistinguishable digits based on their hard concepts



An Example

Hierachical Leakage Control in Concept Bottleneck Models with Trees– Angelos Ragkousis and Sonali Parbhoo, arXiv preprint, 2024.

Global tree based on hard 
concepts

Tree corresponding to leaky 
bottleneck extension



Tree-based leakage inspection helps us explain which 
concepts are leaky

Hierachical Leakage Control in Concept Bottleneck Models with Trees– Angelos Ragkousis and Sonali Parbhoo, arXiv preprint, 2024.



Detour: Evaluating sequential decisions with offline batch data
Given data collected by some behaviour policy      , can we estimate the value of 
another evaluation policy      ? This is called off-policy evaluation. 

Clinician: Obs. Obs.Action ActionPatient 1:

Patient 2:
Obs. Obs.Action Action

Patient N: Obs. Obs.Action Action

…..

Using Models for Selection

Statem = (T, Ω, R)

Reinforcement Learning can reason about long-term, but often in 
simulation settings.

Ernst et al (2005), Parbhoo (2014)

Evaluation Agent: Reweight outcomes according to how much the trajectories overlap:



Detour: Challenges of Off-Policy Evaluation
1.Inability to explore
2.Small data (relatively) → shrinking data support as best strategies are discovered

Image Credit: Gottesman, Omer, et al. "Guidelines for reinforcement learning in healthcare." Nat Med 25.1 (2019): 16-18.



Can concepts help in off-policy evaluation?
Idea: It is easier to induce overlap across some concepts than specific states and 
actions over time across an entire trajectory

Concept-Driven Off-Policy Evaluation – Majumdar, Teversham, Parbhoo, arXiv pre-print 2024



Concept-Driven Off-Policy Evaluation

• Decompose evaluation based on interpretable concepts that account for similar 
histories, transitions, short and/or long-term benefits. 

Then summarise behaviour and evaluation policies in terms of these concepts:

Concept Based IS reweighting:IS reweighting:

Concept-Driven Off-Policy Evaluation – Majumdar, Teversham, Parbhoo, arXiv pre-print 2024



Concept-based estimators have lower bias and variance and 
better overlap

Concept-based estimators achieve better performance across various metrics than their 
non-concept-based counterparts. 

Concept-Driven Off-Policy Evaluation – Majumdar, Teversham, Parbhoo, arXiv pre-print 2024



Concept-based estimators allow us to intervene on 
contributors to high variance during evaluation

We can isolate those concepts that contribute to the highest variance in OPE and 
intervene on those concepts to remedy the issues. 

Concept-Driven Off-Policy Evaluation – Majumdar, Teversham, Parbhoo, arXiv pre-print 2024



Concept-based estimators allow us to intervene on 
contributors to high variance during evaluation

We can isolate those concepts that contribute to the highest variance in OPE and 
intervene on those concepts to remedy the issues. 

Concept-Driven Off-Policy Evaluation – Majumdar, Teversham, Parbhoo, arXiv pre-print 2024



Summary
• AI requires oversight and interpretability is valuable in many scientific contexts.

• The ‘right’ form of interpretability depends on the context.

• Concepts are useful for providing insights in ML models as they retain semantic 
meaning. These can be enhanced by incorporating contextual information.

• However, concept bottleneck models suffer from leakage which can be visualized 
using trees and mitigated using side channels.

• Concepts aid in evaluation of decisions and provide insights on where evaluation 
can go wrong.


