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WHO ARE WE?



WHAT IS THIS TUTORIAL ABOUT?
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Deep 
Learning

CL

We will look at how Concept Learning (CL) can be used to design interpretable Deep Neural Networks



TUTORIAL GOALS
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Our main goals for this tutorial are threefold:

1. Provide a non- exhaustive but well- rounded overview of concept 

learning (CL).

2. Convince you that concept representations can be very useful 

for designing powerful but interpretable neural models.

3. Bring together a variety of resources (surveys, method papers, 

libraries, etc.) to facilitate access to the current state of CL.



WHAT IS THIS TUTORIAL NOT ABOUT?
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WHAT IS THIS TUTORIAL NOT ABOUT?
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We will not have time to dive deep into:

1. T˨raditional˩ explainable AI (XAI) methodologies

Example of LIME (taken from [1])

Example of GradCAM and other saliency methods (taken from [2])

[1] víÌÙíĖĆ Ùġ Àúː ˩˫µëĴ ĚëĆĥúÓ í ġĖĥĚġ ĴĆĥˑ˫ 8ĳēúÀíĀíĀç ġëÙ ēĖÙÓíÎġíĆĀĚ Ćæ ÀĀĴ ÎúÀĚĚíæíÙĖː˓ W22 ˜ʶʴʵʺ˝ː
[2] Selvaraju, et al. "Grad- cam: Visual explanations from deep networks via gradient- based localization." ICCV (2017).

https://arxiv.org/abs/1602.04938
https://arxiv.org/pdf/1610.02391


WHAT IS THIS TUTORIAL NOT ABOUT?
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We will not have time to dive deep into:

1. T˨raditional˩ explainable AI (XAI) methodologies

Link to Book

Interpretable Machine Learning
Christoph Molnar

[1] Molnar, Christoph. Interpretable machine learning. Lulu. com, 2020.

https://christophm.github.io/interpretable-ml-book/


WHAT IS THIS TUTORIAL NOT ABOUT?
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We will not have time to dive deep into:

1.

2. Deep philosophical aspects of explaining models

[1] Lipton, Zachary C. "The mythos of model interpretability: In machine learning, the concept of interpretability is both important and slippery."Queue(2018).
[2] Galit Shmueli. "To Explain or to Predict?." Statist. Sci. 25 (3) 289 -  310, August 2010. https://doi.org/10.1214/10- STS330
[3] Bromberger, Sylvain. On what we know we don't know: Explanation, theory, linguistics, and how questions shape them. University of Chicago Press, 1992.

The Mythos of Interpretability
Lipton et al. (2018) [1]

To Explain or to Predict?
Galit (2018) [2]

Explanation Theory
Bromberger (1992) [3]

https://arxiv.org/abs/1606.03490
https://projecteuclid.org/journals/statistical-science/volume-25/issue-3/To-Explain-or-to-Predict/10.1214/10-STS330.full
https://arxiv.org/abs/2103.11251
https://web.stanford.edu/group/cslipublications/cslipublications/bromberger-corpus/On-What-We-Know-We-Dont-Know.pdf


WHAT IS THIS TUTORIAL NOT ABOUT?
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We will not have time to dive deep into:

1.

2.

3. Connections with Mechanistic Interpretability

[1] Olah, Chris, et al. "Zoom in: An introduction to circuits." Distill 5.3 (2020): e00024- 001.

C
ir

cu
its

Taken from [1]

https://distill.pub/2020/circuits/zoom-in/


WHAT IS THIS TUTORIAL NOT ABOUT?
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We will not have time to dive deep into:

1.

2.

3. Connections with Mechanistic Interpretability

[1] Cammarata, Nick, et al. "Thread: circuits." Distill  5.3 (2020): e24.
[2] ĀġëĖĆēíÎ ˨¢ĖÀĀĚæĆĖÿÙĖ -íĖÎĥíġĚ ¢ëĖÙÀÓ˩ æĆĥĀÓ Àġ ëġġēĚˊ˖˖ġĖÀĀĚæĆĖÿÙĖ- circuits.pub/

Distill  Circuits Thread Anthropic Circuits Thread

https://distill.pub/2020/circuits/
https://transformer-circuits.pub/
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1. Introduction

2. Supervised Concept Learning

3. Concept Interventions

4. Q&A + Break

5. Unsupervised Concept Learning

6. Reasoning With Concepts

7. Future Directions

8. Q&A
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(10 mins + 30 mins)
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(10 mins)

17:50 ˟  18:00



TUTORIAL WEBSITE AND MATERIALS
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¢ëíĚ ġĥġĆĖíÀú˫Ěslides, schedule, and resources are in our website:

https:// conceptlearning.github.io/

https://conceptlearning.github.io/


TUTORIAL WEBSITE AND MATERIALS
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Throughout the tutorial, watch for QR codes to relevant references

Citation + Hyperlink
(if you download slides) QR code to paper/reference/extra material
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A SWISS ARMY KNIFE FOR AI

Artificial Intelligence (AI) has experienced a boom in the last decade 

driven by so- called Deep Neural Networks (DNNs)

˚ʵ˛ MÿÀçÙ ÀÓÀēġÙÓ æĖĆÿ 2ÙÙē ZÙÀĖĀíĀç -ĆĥĖĚÙĚ Àġ ˨https:// deeplearningcourses.com/c/deep- reinforcement- learning- in- python˩

Goal: learn ὡȟὦȟỄὡ ȟὦ  s.t. Ὣ Ễʐ Ὣʐ Ὣʐ ●  ώ ώ

Ὣ ●

●
Ὣ Ὤ

ὡ ὡ

◐

Ὣ ▐ „╦ ▐ ╫

▐

19

https://deeplearningcourses.com/c/deep-reinforcement-learning-in-python


THE POWER OF SCALE

Scaling up DNNs can lead to expressive and generalisable models:

A LOT of data, 
money, time, 
and sweat

+ =

20

[1] Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search." nature 529.7587 (2016): 484- 489.
[2] OpenAI. "GPT- 4 technical report." arXiv (2023).
[3] Jumper, John, et al. "Highly accurate protein structure prediction with AlphaFold." nature 596.7873 (2021): 583- 589.

[4] Rombach, Robin, et al. "High- resolution image synthesis with latent diffusion models." CVPR (2022).

https://www.nature.com/articles/nature16961
https://arxiv.org/abs/2303.08774
https://www.nature.com/articles/s41586-021-03819-2
https://arxiv.org/abs/2112.10752


THE BLACK- BOX PROBLEM

Scale, however, leads to notoriously complex models!

[1] Adapted from GĖÀēëÎĆĖÙˋ ˨MĀĚíÓÙ ÀĀ M ˪+ĖÀíĀ˫ ˟µëÀġ ÓĆÙĚ _ÀÎëíĀÙ ZÙÀĖĀíĀç ZĆĆ÷ Zí÷Ùˑ˩ ˜ʶʴʵʻ˝ 21

https://www.graphcore.ai/posts/what-does-machine-learning-look-like


THE BLACK- BOX PROBLEM

Scale, however, leads to notoriously complex models!

DNNs are ˩ ÌúÀÎ÷- box˩ ÿĆÓÙúĚ

Å Highly parametric
Å Complex forward passes
Å Continuous activations
Å Sensitive to initial states 

and update rules

Deep Neural Networks
Black box Functions

ᴆὼ ώ

22



THE FLIP SIDE OF THE COIN

Blindly using black- box models can lead to all sorts of problems:

[1] WÀĚëÿíĖ Kíúúˋ ˨µĖĆĀçæĥúúĴ ÎÎĥĚÙÓ ÌĴ ÀĀ úçĆĖíġëÿː˩ ¢ëÙ `ÙĲ ·ĆĖ÷ ¢íÿÙĚ ˜ʶʴʶʴ˝ː
[2] vÀÎëÙú GĆĆÓÿÀĀˋ ˨µëĴ ÿÀĸĆĀ˫Ě ĥġĆÿÀġÙÓ KíĖíĀç ¢ĆĆú 2íĚÎĖíÿíĀÀġÙÓ çÀíĀĚġ µĆÿÙĀː˩ -Z¦ ˜ʶʴʵʼ˝ː
[3] µíúú 2ĆĥçúÀĚ KÙÀıÙĀˋ ˨sĖÙÓíÎġíıÙ ēĆúíÎíĀç ÀúçĆĖíġëÿĚ ÀĖÙ ĖÀÎíĚġː ¢ëÙĴ ĀÙÙÓ ġĆ ÌÙ ÓíĚÿÀĀġúÙÓː˩ _M¢ ¢ÙÎëĀĆúĆçĴ vÙıíÙĲ ˜ʶʴʶʴ˝ː23

https://www.nytimes.com/2020/06/24/technology/facial-recognition-arrest.html
https://www.aclu.org/news/womens-rights/why-amazons-automated-hiring-tool-discriminated-against
https://www.technologyreview.com/2020/07/17/1005396/predictive-policing-algorithms-racist-dismantled-machine-learning-bias-criminal-justice/


Blindly using black- box models can lead to all sorts of problems:

Mġ˫Ě ĀĆġ Àúú ÌÀÓ ĀÙĲĚJ

THE FLIP SIDE OF THE COIN

24

[1] `ÀġÀĚëÀ +ÙĖĀÀúˋ ˨M+_ µÀġĚĆĀ M ÎĖíġíÎíĚÙÓ ÀæġÙĖ çíıíĀç ˔ĥĀĚÀæÙ˔ ÎÀĀÎÙĖ ġĖÙÀġÿÙĀġ ÀÓıíÎÙː˩ ¢ëÙ ¢ÙúÙçĖÀēë ˜ʶʴʵʼ˝ː
[2] WÀĚëÿíĖ Kíúúˋ ˨µĖĆĀçæĥúúĴ ÎÎĥĚÙÓ ÌĴ ÀĀ úçĆĖíġëÿː˩ ¢ëÙ `ÙĲ ·ĆĖ÷ ¢íÿÙĚ ˜ʶʴʶʴ˝ː
[3] vÀÎëÙú GĆĆÓÿÀĀˋ ˨µëĴ ÿÀĸĆĀ˫Ě ĥġĆÿÀġÙÓ KíĖíĀç ¢ĆĆú 2íĚÎĖíÿíĀÀġÙÓ çÀíĀĚġ µĆÿÙĀː˩ -Z¦ ˜ʶʴʵʼ˝ː
[4] µíúú 2ĆĥçúÀĚ KÙÀıÙĀˋ ˨sĖÙÓíÎġíıÙ ēĆúíÎíĀç ÀúçĆĖíġëÿĚ ÀĖÙ ĖÀÎíĚġː ¢ëÙĴ ĀÙÙÓ ġĆ ÌÙ ÓíĚÿÀĀġúÙÓː˩ _M¢ ¢ÙÎëĀĆúĆçĴ vÙıíÙĲ ˜ʶʴʶʴ˝ː

https://www.telegraph.co.uk/technology/2018/07/27/ibm-watson-ai-criticised-giving-unsafe-cancer-treatment-advice/
https://www.nytimes.com/2020/06/24/technology/facial-recognition-arrest.html
https://www.aclu.org/news/womens-rights/why-amazons-automated-hiring-tool-discriminated-against
https://www.technologyreview.com/2020/07/17/1005396/predictive-policing-algorithms-racist-dismantled-machine-learning-bias-criminal-justice/


EXPLAINING DNNS

25

Recent advances in AI came with a rise in interest in making these 

ÿĆÓÙúĚ ˨interpretable˩



This interest has manifested itself at the regulatory/legal level

EXPLAINING DNNS

27

General Data Protection Regulations (GDPR, 2016):

Å ˨¢ëÙ ÓÀġÀ ĚĥÌöÙÎġ ĚëÀúú ëÀıÙ ġëÙ Ėíçëġ ĀĆġ ġĆ ÌÙ ĚĥÌöÙÎġ
to a decision based solely on automated processing, 
íĀÎúĥÓíĀç ēĖĆæíúíĀçˋˌ˩ ˜ Ėġː ʶʶ˝

Å ¢ëÙ ÓÀġÀ ĚĥÌöÙÎġ ëÀĚ ġëÙ Ėíçëġ ġĆ ˨meaningful 
information about the logic íĀıĆúıÙÓ˩ íĀ ġëÙ ÓÙÎíĚíĆĀː
(Art. 13 and 15)

EU AI Act (2024):

Å A˨ny affected person subject to a decision which is 
taken by.. a high- risk AI system ˌ ĚëÀúú ëÀıÙ ġëÙ Ėíçëġ
to obtain from the deployer clear and meaningful 
explanations (Art. 86)

[1] GDPR, EU. "Automated individual decision- making, including profiling." (2022).
[2] Act, EU Artificial Intelligence. "The EU Artificial Intelligence Act." (2024).

GDRP EU AI Act

https://gdpr-info.eu/art-22-gdpr/
https://artificialintelligenceact.eu/


EXPLAINING DNNS
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Researchers in Explainable Artificial Intelligence (XAI*) have 

developed a significant number of methods to explain DNNs

(EU Horizon Program)(DARPA 2016)

*Not to be confused with a certain bird- related company



FIRST THINGS FIRST: TERMINOLOGY
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Welcome to the Wild West of XAI terminology

Confalonieri et al. (2020)

Gilpin et al. (2018)

Rudin et al. (2019)

Freiesleben et al. (2023)Goebel et al. (2018)

Transparency

Understandability

Barredo Arrieta et al. (2020)

Vilone et al. (2021)



FIRST THINGS FIRST: TERMINOLOGY
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Here we will use some the following definitions by Gilpin et al. [1]:

ÅExplainability (why): the ability to answer questions of the form 

w˨hy does this particular input lead to that particular output?˩

ÅInterpretability (how): ġëÙ ÀÌíúíġĴ ġĆ ÓÙĚÎĖíÌÙ ˨ġëÙ íĀġÙĖĀÀúĚ Ćæ À

ĚĴĚġÙÿ íĀ À ĲÀĴ ġëÀġ íĚ ĥĀÓÙĖĚġÀĀÓÀÌúÙ ġĆ ëĥÿÀĀĚː˩

[1] Gilpin et al. "Explaining explanations: An overview of interpretability of machine learning." DSAA (2018).



FEATURE AT TRIBUTION
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¶ M ÿÙġëĆÓĚ ëÀıÙ ġĖÀÓíġíĆĀÀúúĴ ÙĳēúÀíĀÙÓ À ÿĆÓÙú˫Ě ēĖÙÓíÎġíĆĀ ÌĴ

estimating how important each input feature is for the output

We call these feature importance or feature attribution methods

[1] Scott, M., and Lee Su- In. "A unified approach to interpreting model predictions." NeurIPS (2017).

SHAP (Scott et al., 2017)

https://arxiv.org/abs/1705.07874


SALIENCY: FEATURE AT TRIBUTION IN DNNS

32

DNN- specific attribution methods are called saliency methods

‪ ȟ ȟÃÁÔ

These are usually computed by measuring model sensitivity via its gradient 
●

Ὢ● Ƞ—

[1] Example taken from Selvaraju et al. "Grad- cam: Visual explanations from deep networks via gradient- based localization." ICCV (2017).

●
ώ

https://arxiv.org/pdf/1610.02391


Û] Áͽº Û¶ztY Û_Á] WC ÁÅ¶C ÁÁ¶_6ÅÁ_zt͜

33



Û] Áͽº Û¶ztY Û_Á] WC ÁÅ¶C ÁÁ¶_6ÅÁ_zt͜

1. Low- level features like individual pixels are not always 

semantically meaningful:

34[1] Andrey Armyagov/Shutterstock

Can you guess what this is?



Û] Áͽº Û¶ztY Û_Á] WC ÁÅ¶C ÁÁ¶_6ÅÁ_zt͜

1. Low- level features like individual pixels are not always 

semantically meaningful:

35[1] ZaZa Studio/Shutterstock

Limes!



Û] Áͽº Û¶ztY Û_Á] WC ÁÅ¶C ÁÁ¶_6ÅÁ_zt͜

2. Saliency maps lack of actionability!

36

What does this really tell you about how the model made a prediction?

[1]Image adapted from Dombrowski et al. "Explanations can be manipulated and geometry is to blame."NeurIPS (2019). 

https://arxiv.org/abs/1906.07983


Û] Áͽº Û¶ztY Û_Á] WC ÁÅ¶C ÁÁ¶_6ÅÁ_zt͜

3. Several saliency methods fail very simple sanity checks

37[1] Adebayo, Julius, et al. "Sanity checks for saliency maps." NeurIPS (2018). 

Random training labels do not always 
lead to random maps [1]

Random weights do not always lead to random maps [1]

https://arxiv.org/abs/1810.03292


Û] Áͽº Û¶ztY Û_Á] WC ÁÅ¶C ÁÁ¶_6ÅÁ_zt͜

4. Saliency methods are susceptible to adversarial attacks [1,2]

38
[1] Dombrowski et al. "Explanations can be manipulated and geometry is to blame."NeurIPS (2019). 
[2] Also relevant Ghorbani et al. "Interpretation of neural networks is fragile." AAAI (2019).

https://arxiv.org/abs/1906.07983
https://arxiv.org/pdf/1710.10547


Û] Áͽº Û¶ztY Û_Á] WC ÁÅ¶C ÁÁ¶_6ÅÁ_zt͜

How can we go around the limitations of feature attribution?

Here, we will focus on using so- called 

c˨oncepts˩ ġĆ ÎĆĀĚġĖĥÎġ ÙĳēúÀĀÀġíĆĀĚ

39



WHAT ARE CONCEP TS?

Concepts are high- level and semantically meaningful units of 

information

Concepts are terms or units of information used by domain experts 

to communicate or explain things to each another
40

Task: bird species

Explanation of the prediction:
- wing color
- beak length
- tail shape 



A MAP OF CONCEPT LEARNING
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[1] For a more complete taxonomy, see Poeta et al. "Concept- based explainable artificial intelligence: A survey." arXiv (2023).

https://arxiv.org/abs/2312.12936


A MAP OF CONCEPT LEARNING
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In the first third of this tutorial, we will discuss supervised concept learning1/3



A MAP OF CONCEPT LEARNING

43

The second third discusses unsupervised concept learning approaches2/3



A MAP OF CONCEPT LEARNING
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Finally, in the last third we discuss applications of CL to symbolic reasoning

+

Concepts Reasoning

3/3
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1. Introduction
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7. Future Directions

8. Q&A
45



˩zĥēÙĖıíĚÙÓ˩ íĚ Àloaded termː MĀ ġëíĚ ġĥġĆĖíÀú˫Ě ÎĆĀġÙĳġˋ

s˩upervised˩ ÿÙÀĀĚ À ÿÙġëĆÓ ëÀĚÀÎÎÙĚĚ ġĆ ˨ÎĆĀÎÙēġ˩ úÀÌÙúĚ

These labels could come besides other downstream ġÀĚ÷ ˨úÀÌÙúĚ˩

DIFFERENT LEVELS OF SUPERVISION

46

Dense binary vector annotations

╬
ÌÁÙÓÅÇÇÓ
ÈÁÓÓÃÁÌÅÓ
ÈÁÓ×ÉÎÇÓ

ÅÁÔÓÏÎÌÙÐÌÁÎÔÓ
ÅÁÔÓÍÅÁÔ
ÂÌÁÃË×ÉÎÇÓ
ÉÓÃÏÌÏÒÆÕÌ
ÈÁÓÔÅÅÔÈ

ρ
π
ρ
π
ρ
ρ
π
π

ὼ

OR

Sparse sets of images containing a concept

ὢ
ὢ



POST- HOC CONCEPT LEARNING
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We will start by looking into supervised post- hoc concept learning:

A trained DNN Ὢ●Ƞ— Concept- based ExplanationsSparse concept annotations

ὢ
ὢ Local

KĆĲ íÿēĆĖġÀĀġ íĚ ˨stripes˩ æĆĖ À ēĖÙÓíÎġíĆĀˑ

Global
ëĆĲ íÿēĆĖġÀĀġ íĚ ˨grass˩ æĆĖ ġëÙ ÎúÀĚĚ ˨cow˩ˑ

Given We Want
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Evidence suggests DNNs may predict based on concepts

[1] Bau, David, et al. "Network dissection: Quantifying interpretability of deep visual representations."CVPR (2017).

WHY SHOULD WE EVEN AT TEMPT THIS?

https://arxiv.org/abs/1704.05796


Evidence suggests DNNs may predict based on concepts

WHY SHOULD WE EVEN AT TEMPT THIS?

Activating Samples

[1] Examples taken from Olah et al. "Feature visualization." Distill 2.11 (2017).

˨zĀĆĥġ˩ `ÙĥĖĆĀˑ

49

https://distill.pub/2017/feature-visualization/


Evidence suggests DNNs may predict based on concepts

WHY SHOULD WE EVEN AT TEMPT THIS?

Activating Samples Neuron Maximisation

[1] Examples taken from Olah et al. "Feature visualization." Distill  2.11 (2017).

˨zĀĆĥġ˩ `ÙĥĖĆĀˑ

50

https://distill.pub/2017/feature-visualization/


51

Concepts may not be always localised to specific neurons/maps 

but they may be ÓíĚġĖíÌĥġÙÓ ÀÎĖĆĚĚ ġëÙ 2``˫Ě úÀġÙĀġ ĚēÀÎÙ

[1] Fong et al. ˓ `ÙġʶıÙÎˊ uĥÀĀġíæĴíĀç ÀĀÓ ÙĳēúÀíĀíĀç ëĆĲ ÎĆĀÎÙēġĚ ÀĖÙ ÙĀÎĆÓÙÓ ÌĴ æíúġÙĖĚ íĀ ÓÙÙē ĀÙĥĖÀú ĀÙġĲĆĖ÷Ěː˩ -²sv ˜ʶʴʵʼ˝ː

CONCEPTS ARE NOT ALWAYS LOCALISED

The same units appear to represent different concepts

This is sometimes called Polysemanticity (Olah et al., 2020)

https://arxiv.org/abs/1801.03454


52

Concepts may not be always localised to specific neurons/maps 

but they may be ÓíĚġĖíÌĥġÙÓ ÀÎĖĆĚĚ ġëÙ 2``˫Ě úÀġÙĀġ ĚēÀÎÙ

[1] Fong et al. ˓ `ÙġʶıÙÎˊ uĥÀĀġíæĴíĀç ÀĀÓ ÙĳēúÀíĀíĀç ëĆĲ ÎĆĀÎÙēġĚ ÀĖÙ ÙĀÎĆÓÙÓ ÌĴ æíúġÙĖĚ íĀ ÓÙÙē ĀÙĥĖÀú ĀÙġĲĆĖ÷Ěː˩ -²sv ˜ʶʴʵʼ˝ː

The same units appear to represent different concepts

This is sometimes called Polysemanticity (Olah et al., 2020)

Could we then try and capture directions in the latent 
space that are associated with known concepts?

CONCEPTS ARE NOT ALWAYS LOCALISED

https://arxiv.org/abs/1801.03454


This is the idea behind T- CAV (Testing with concept activation vectors)

TESTING WITH CONCEPT ACTIVATION VECTORS

53[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (tcav)." ICML (2018).

How sensitive  is the prediction of zebra is to the presence of the concept Ćæ ˨stripes˩ˑ

https://arxiv.org/abs/1711.11279


PARTITIONING THE NET WORK

54

Step 1: Choose an intermediate layer ὪȡὙ ᴼὙ  with ά neurons

[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (tcav)." ICML (2018).

https://arxiv.org/abs/1711.11279


LEARNING CONCEP T ACTIVATION VECTORS

Step 2: Learn the Concept Activations Vectors (CAVs)

Å¢ĖÀíĀ À úíĀÙÀĖ ÎúÀĚĚíæíÙĖ ġĆ ÓíĚġíĀçĥíĚë ÌÙġĲÙÙĀ ġëÙ ÀÎġíıÀġíĆĀĚ Ćæ ÎĆĀÎÙēġ˫Ě

examples and random ones 

ÅThe CAV is the vector orthogonal to the classification boundary ὺ

55

set of examples for a concept 
and random examples

[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (tcav)." ICML (2018).

https://arxiv.org/abs/1711.11279


Step 3: Given a sample ●, construct a local importance score Ὓȟȟὼ 

indicating how important concept ὅ is for the Ὧ- th output label.

56

TESTING WITH CAVS (T- CAV)

[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (tcav)." ICML (2018).

We want Ὓȟȟὼ ġĆ ÎÀēġĥĖÙ ˨how much would the prediction of class Ὧ 

ÎëÀĀçÙ íæ M ˨íĀÎĖÙÀĚÙ˩ ÎĆĀÎÙēġ - íĀ ĚÀÿēúÙ●?˩

Ὓȟȟὼ ÌÉÍ
ᴼ

Ὤȟ Ὢ● ‭○ Ὤȟ Ὢ●

‭
(Read as: how much would the prediction of label Ὧ change if I take a small step in the direction of concept ὅ?)

https://arxiv.org/abs/1711.11279


Step 3: Given a sample ●, construct a local importance score Ὓȟȟὼ 

indicating how important concept ὅ is for the Ὧ- th output label.
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TESTING WITH CAVS (T- CAV)

[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (tcav)." ICML (2018).

We want Ὓȟȟὼ ġĆ ÎÀēġĥĖÙ ˨how much would the prediction of class Ὧ 

ÎëÀĀçÙ íæ M ˨íĀÎĖÙÀĚÙ˩ ÎĆĀÎÙēġ - íĀ ĚÀÿēúÙ●?˩

This is the same as a directional derivative!

https://arxiv.org/abs/1711.11279


Step 3: Given a sample ●, construct a local importance score Ὓȟȟὼ 

indicating how important concept ὅ is for the Ὧ- th output label.

58

CAV for concept 
ὅ (e.g., stripes)

Intermediate representation of
          at layer ὰ 

Ὓȟȟὼ Ὤɳȟ Ὢὼ  Ȣὺ = ɳ Ὤȟ Ὢ Ȣὺ 
Output 

function

The rate of change of output function 
as we move in the direction of a 
concept from data point 

TESTING WITH CAVS (T- CAV)

Intuitionˊ ˨high directional derivative˩ ̠˨úÀĖçÙ ēĆĚíġíıÙ ÎëÀĀçÙ íĀ ÎúÀĚĚ úÀÌÙú íæ ĲÙ ˫íĀÎĖÙÀĚÙ˫ὅ in input ὼ˩

[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (tcav)." ICML (2018).

https://arxiv.org/abs/1711.11279


Step 4: Get a global importance score (T- CAV) for each concept by combining 

the local sensitivities of samples in an evaluation set:

59

4#!6
ȟȟ

ȿὼɴ ὢȡ Ὓȟȟὼ πȿ

ȿὢȿ

ὢȡ inputs 

with label Ὧ

The T- CAV score is the fraction of samples with label ▓ that are positively influenced by concept ὅ

TESTING WITH CAVS (T- CAV)

[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (tcav)." ICML (2018).

https://arxiv.org/abs/1711.11279


You can use T- CAV scores to explore/identify model biases

60

EXAMPLE: DETECTING BIASES WITH T- CAV

¢ëÙ ÎĆĀÎÙēġ Ćæ ˨æÙÿÀúÙ˩ ĲÀĚ æĆĥĀÓ ġĆ ÌÙ ĚíçĀíæíÎÀĀġ æĆĖ ēĖÙÓíÎġíĀç ġëÙ ÎúÀĚĚ ˨ ēĖĆĀ˩

¢ëÙ ÎĆĀÎÙēġ Ćæ ˨zíÌÙĖíÀĀ ëĥĚ÷Ĵ˩ ĲÀĚ æĆĥĀÓ ġĆ ÌÙ ĚíçĀíæíÎÀĀġ æĆĖ ēĖÙÓíÎġíĀç ġëÙ ÎúÀĚĚ ˨2ĆçĚúÙÓ˩

[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (tcav)." ICML (2018).

https://arxiv.org/abs/1711.11279


T- CAV LIMITATIONS

61[1] Crabbé et al. "Concept activation regions: A generalized framework for concept- based explanations." NeurIPS (2022).

VS

Assuming concepts are linearly separable is a strong and unrealistic 

assumption

Classes can be linearly separable While concepts may not be separable

https://arxiv.org/abs/2209.11222


CONCEP T ACTIVATION REGIONS

62

This can be solved by using kernel methods to perform our concept probing on 

higher- dimensional space where concepts may be separable

[1] Crabbé et al. "Concept activation regions: A generalized framework for concept- based explanations." NeurIPS (2022).

https://arxiv.org/abs/2209.11222


THE POST- HOC STORY SO FAR

63



Post- hoc methods have a clear set of important limitations :

1. They may fail to properly explain a model Ą potentially doubling 

the source of error! 

THE POST- HOC STORY SO FAR
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Post- hoc methods have a clear set of important limitations :

1. They may fail to properly explain a model Ą potentially doubling 

the source of error! 

THE POST- HOC STORY SO FAR

65

In fact, these methods often disagree with each other [1]

[1] Krishna et al. "The disagreement problem in explainable machine learning: A practitioner's perspective." TMLR (2022).

https://arxiv.org/abs/2202.01602


Post- hoc methods have a clear set of important limitations :

2. Explanations are prone to confirmation bias [1]

THE POST- HOC STORY SO FAR

66[1] Bertrand et al. "How cognitive biases affect XAI- assisted decision- making: A systematic review." AIES (2022)

MÿÀçÙ ġÀ÷ÙĀ æĖĆÿ ˨-ĆĀæíĖÿÀġíĆĀ +íÀĚ ÀĀÓ ġëÙ ĀÙĲ _ÀúÀĴĚíÀ˩ ÌĴ 2Àġĥ÷ zġÙıÙĀ µĆĀç ˜`ÙĲ zġĖÀíġĚ ¢íÿÙĚ˝

https://dl.acm.org/doi/10.1145/3514094.3534164


Rather than explaining an already trained model, let the 

model explain itself!

GOING IN- MODEL

67

Prediction

Explanation



GOING IN- MODEL

68



ALIGNING MACHINES AND HUMANS

M = Machine 
Representational Space

Ὄ ὓὓ Ὄ

ὓ᷊Ὄ = Human- like Concepts 
[1] Inspired by Schut et al. "Bridging the human- ai knowledge gap: Concept discovery and transfer in alphazero." arXiv (2023).

H = Human 
Representational Space

69

https://arxiv.org/abs/2310.16410


ALIGNING MACHINES AND HUMANS

M = Machine 
Representational Space

Ὄ ὓ

H = Human 
Representational Space

ὓ Ὄ Concepts

ὓ᷊Ὄ

70
[1] Inspired by Schut et al. "Bridging the human- ai knowledge gap: Concept discovery and transfer in alphazero." arXiv (2023).

https://arxiv.org/abs/2310.16410


CONCEPT- BASED REASONING

Concept- based reasoning can be framed as a Concept Bottleneck Model [1]

ὢ ὣὅ

ὖὅȟὣ ȿ ὢ ὖὅ ȿ ὢὖὣ ȿ ὅ

ὢ = Sample Features ὅ = Human-íĀġÙĖēĖÙġÀÌúÙ ˨-ĆĀÎÙēġĚ˩ὣ = Target Task Labels

71[1] Koh et al. "Concept bottleneck models."International Conference on Machine Learning. PMLR, 2020.

https://arxiv.org/abs/2007.04612


CONCEPT BOT TLENECK MODELS (CBMS)

CBMs decompose a DNN into two functions:

1. A concept encoder Ὣ● ╬ predicting concepts from the input features

2. A label predictor Ὢ╬ ώ predicting task labels from the predicted concepts

BottleneckInput

Cysts Prediction

Osteoarthritis

Grade 2

Sclerosis

Bone Spurs

Narrow joint space

ὖὅ ȿ ὢ ὖὣ ȿ ὅ

72[1] Koh et al. "Concept bottleneck models."International Conference on Machine Learning. PMLR, 2020.

https://arxiv.org/abs/2007.04612


TRAINING A CBM

73

Given a concept- annotated dataset ꜠ ● ȟ╬ ȟώ  we can 

train a CBM in three different forms:

(1) Independently

●ȟ ╬Ḑ꜠ "#%Ὣ●ȟ╬

╬ȟ Ḑ꜠ #%Ὢ╬ȟώ

(2) Sequentially

●ȟ ╬Ḑ꜠ "#%Ὣ●ȟ╬

●ȟ Ḑ꜠ #%ὪὫὼ ȟώ

Freeze Ὣ

(a)

(b)

(3) Jointly

●ȟ ╬ȟ Ḑ꜠ #%ὪὫ● ȟώ  ‗ẗ"#%Ὣ●ȟ╬

[1] Koh et al. "Concept bottleneck models."International Conference on Machine Learning. PMLR, 2020.

https://arxiv.org/abs/2007.04612


CONCEPT- LEVEL INTERVENTIONS

Concept- based reasoning enables powerful human- AI interactions

Bone Spurs

Cysts

Narrow Joint Space

...

Label PredictorConcept Encoder

OA Grade 2 (mild)
Sclerosis

Human Expert
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Bone Spurs

Cysts

Narrow Joint Space

...

Label PredictorConcept Encoder

OA Grade 2 (mild)
Sclerosis

...

Human Expert

Obser
ve

Explanatio
n

InterveneO
bse

rv
e

Sam
ple

OA Grade 3 (moderate)
Bone Spurs

Cysts

Narrow Joint Space

Sclerosis

CONCEPT- LEVEL INTERVENTIONS

Concept- based reasoning enables powerful human- AI interactions

75



CONCEPT INTERVENTIONS

76

Ě ĲÙ íĀġÙĖıÙĀÙ ĆĀ ÿĆĖÙ ÎĆĀÎÙēġĚˋ -+_˫Ětest error goes down!

[1] Koh et al. "Concept bottleneck models."International Conference on Machine Learning. PMLR, 2020.

https://arxiv.org/abs/2007.04612


ARE CBMS ALL WE NEED?

77

CBMs are great in a lot of ways:

1. They are simple to understand and provide high- level explanations.

2. They enable test- time interventions that improve their accuracy.

3. They are very stable, expressive and easy to train.

So, are we done?

Short Answer: No Long Answer:
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CBMs

Concept 
Embedding 

Models Concept 
Whitening

Probabilistic 
CBMsPost- hoc 

CBMs
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CBMs

Concept 
Embedding 

Models



CONCEPT EMBEDDING MODELS

80

Limitation Being Addressed

sĖĆıíÓÙÓ ÎĆĀÎÙēġĚ ĀÙÙÓ ġĆ ÌÙ ˨complete˩ ĆĖ ÙúĚÙ ĲÙ ĆÌĚÙĖıÙ Àtrade- off!

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

https://arxiv.org/abs/2209.09056


CONCEPT EMBEDDING MODELS

81

sĖĆıíÓÙÓ ÎĆĀÎÙēġĚ ĀÙÙÓ ġĆ ÌÙ ˨complete˩ ĆĖ ÙúĚÙ ĲÙ ĆÌĚÙĖıÙ Àtrade- off!

µëĴ ÎÀĀ˫ġ ĲÙ öĥĚġ ÀÓÓ À ÌĴēÀĚĚ æĖĆÿ ġëÙ íĀēĥġ ġĆ ġëÙ Ćĥġēĥġˑ

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

Limitation Being Addressed

https://arxiv.org/abs/2209.09056


CONCEPT EMBEDDING MODELS

82

˨KĴÌĖíÓ˩ -+_

sĖĆıíÓÙÓ ÎĆĀÎÙēġĚ ĀÙÙÓ ġĆ ÌÙ ˨complete˩ ĆĖ ÙúĚÙ ĲÙ ĆÌĚÙĖıÙ Àtrade- off!

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

µëĴ ÎÀĀ˫ġ ĲÙ öĥĚġ ÀÓÓ À ÌĴēÀĚĚ æĖĆÿ ġëÙ íĀēĥġ ġĆ ġëÙ Ćĥġēĥġˑ

Limitation Being Addressed

https://arxiv.org/abs/2209.09056


CONCEPT EMBEDDING MODELS

83

sĖĆıíÓÙÓ ÎĆĀÎÙēġĚ ĀÙÙÓ ġĆ ÌÙ ˨complete˩ ĆĖ ÙúĚÙ ĲÙ ĆÌĚÙĖıÙ Àtrade- off!

˨KĴÌĖíÓ˩ -+_

Interventions do not necessarily work with Hybrid CBMs!

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

Limitation Being Addressed

https://arxiv.org/abs/2209.09056


CONCEPT EMBEDDING MODELS

84

Similar performance regardless of the 
number of concepts used during training

C˨ompleteness Agnostic˩

Better performance as we 
intervene in more concepts

I˨ntervenable˩

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

What we want

https://arxiv.org/abs/2209.09056


We can achieve completeness agnosticism by extending the concept representations to 
higher- dimensions

CONCEPT EMBEDDING MODELS

85

Concept

Embeddings

Input Cysts

Prediction

Osteoarthritis

Grade 2

Sclerosis

Bone Spurs

Narrow joint space

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

Proposed Solution

https://arxiv.org/abs/2209.09056


We can achieve completeness agnosticism by extending the concept representations to 
higher- dimensions

CONCEPT EMBEDDING MODELS

86[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

Proposed Solution

https://arxiv.org/abs/2209.09056


We can achieve intervenability by decomposing ╬░ as the mixture between two 
representations ╬░ȟ╬░ :

CONCEPT EMBEDDING MODELS

87

˨sĆĚíġíıÙ˩ ÎĆĀÎÙēġ ÙÿÌÙÓÓíĀçĚ

˨`ÙçÀġíıÙ˩ ÎĆĀÎÙēġ ÙÿÌÙÓÓíĀçĚ

╬░ ḧ Ƕὴ ╬░ ρ Ƕὴ ╬░

Concept Embedding Space ᴙ

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

Proposed Solution

https://arxiv.org/abs/2209.09056


We can achieve intervenability by decomposing ╬░ as the mixture between two 
representations ╬░ȟ╬░ :

CONCEPT EMBEDDING MODELS

88

˨sĆĚíġíıÙ˩ ÎĆĀÎÙēġ ÙÿÌÙÓÓíĀçĚ

˨`ÙçÀġíıÙ˩ ÎĆĀÎÙēġ ÙÿÌÙÓÓíĀçĚ

╬░ ḧ Ƕὴ ╬░ ρ Ƕὴ ╬░

Concept Embedding Space ᴙ

2ÙġÙĖÿíĀíĀç À ÎĆĀÎÙēġ˫Ě ÀÎġíıÀġíĆĀ çíıÙĀ╬░ then comes down to determining whether 
╬░ comes from ὖ╬░ȿ ὼ or ὖ╬░ȿ ὼ

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

Proposed Solution

https://arxiv.org/abs/2209.09056


You can then intervene on a concept by fixing its representation to the embedding 
corresponding to the ground- truth concept label:

CONCEPT EMBEDDING MODELS

89

╬░ḧ
╬░ÉÆὧ ρ

╬░ȟÏÔÈÅÒ×ÉÓÅ

We can randomly do these interventions at training time to learn more useful representations!

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

Proposed Solution

https://arxiv.org/abs/2209.09056


Embedding Generators BottleneckInput

Osteoarthritis

Grade 2

Prediction
Cysts

Sclerosis

CONCEPT EMBEDDING MODELS

90

ὖὧ ρ ȿ ● ί╬ȟ╬ „Ὓ╬ȟ╬  

Learn two functions ‰ȟ‰  mapping ● to a positive ╬ and a negative embedding ╬

[1] Espinosa Zarlenga, Barbiero et al. "Concept embedding models: Beyond the accuracy- explainability trade- off." NeurIPS (2022)

Proposed Solution

https://arxiv.org/abs/2209.09056


CONCEPT EMBEDDING MODELS

91

This gives you models that are completeness agnostic and intervenable*

*This is particularly true when, during training, you randomly intervene** on a concept with probability ὴ .

** These sorts of training- time interventions are useful here only because by using embeddings, we can backpropagate 
gradients to the concept encoder ÙıÙĀ ĲëÙĀ À ÎĆĀÎÙēġ íĚ íĀġÙĖıÙĀÙÓ ĆĀ ˜À -+_ ĲĆĥúÓĀ˫ġ˝ː

Proposed Solution



SPEED-= Á_tY Û_Á] 86sͽº W¶_Ct=º

92

CBMs

Concept 
Whitening



CONCEPT WHITENING (CW)

93

Training a CBM has impractical architectural constraints  and requires all training 
samples to be concept annotated!

[1] Chen et al. "Concept whitening for interpretable image recognition." Nature Machine Intelligence 2.12 (2020).

Limitation Being Addressed

This limits our ability to exploit powerful pre- trained models

https://www.nature.com/articles/s42256-020-00265-z


INTERPRETABLE- BY- DESIGN NEURAL LAYER

94

Design an interpretable- by- design layer which we can use to replace an equivalent 
component in a pre- trained model and quickly fine- tune it to make it interpretable

We will target the commonly used Batch Normalization (BN) layer

Proposed Solution

[1] Chen et al. "Concept whitening for interpretable image recognition." Nature Machine Intelligence 2.12 (2020).

https://www.nature.com/articles/s42256-020-00265-z


WHITENING FOR DISENTANGLING CONCEPTS

95

n
e
u

ro
n
 1

neuron 2

n
e
u

ro
n
 1

neuron 2

Activation Space Standardized Space

Normalization can somewhat help disentangle concepts íĀ À 2``˫Ě úÀġÙĀġ ĚēÀÎÙ

Intuition

[1] Chen et al. "Concept whitening for interpretable image recognition." Nature Machine Intelligence 2.12 (2020).

https://www.nature.com/articles/s42256-020-00265-z


WHITENING FOR DISENTANGLING CONCEPTS
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n
e
u

ro
n
 1

neuron 2

n
e
u

ro
n
 1

neuron 2

n
e
u

ro
n
 1

neuron 2

Solution

Activation Space Standardized Space Whitened Space

Whitening a latent space can allow us to properly separate concepts in the latent space

Intuition

[1] Chen et al. "Concept whitening for interpretable image recognition." Nature Machine Intelligence 2.12 (2020).

https://www.nature.com/articles/s42256-020-00265-z


ROTATING TO ENSURE CONCEP T ALIGNMENT

97

More importantly, once an input is whitened, we can apply a rotation to align a specific 
concept to a specific axis! 

Normalize Whiten Rotate

Approach

[1] Chen et al. "Concept whitening for interpretable image recognition." Nature Machine Intelligence 2.12 (2020).

https://www.nature.com/articles/s42256-020-00265-z


CONCEPT WHITENING (CW)

Given a fine- tuning training set ꜠ ● ȟώ  and ▓ concept sets ꜠

ὢ ȟὢ ȟỄȟὢ , we will learn a rotation matrix ὗᶰᴙ  by iterating between:

1. Task training step Ą make sure the downstream task prediction is accurate

2. Concept alignment step Ą make sure each concept is aligned to a latent activation

Approach

98



TRAINING CW: TASK TRAINING STEP

99

Main Dataset

ɮ ᴆὼᴆὼ

ᴆᾀ

‪ ȟ ᴆᾀ

Whitening

Ç ᴆᾀᴂ

ᴆώ

‪ ȟ ᴆᾀ ὡ ᴆᾀ ᴆ‘ 

ὗ

ZCA- Whitening matrix ╦  via IterNorm

flᴆώȟᴆώ

ᴆώ

ᴆᾀᴂ

˨sÀĖġíÀú˩ -ĆĀÎÙēġ +ĆġġúÙĀÙÎ÷

(Frozen)

Rotation Matrix



TRAINING CW: CONCEPT ALIGNMENT STEP

Auxiliary Datasets

ɮ ᴆὼ

ὢ

ᴆᾀ

‪ ȟ ᴆᾀ

Whitening
ὢ

ὢ ὢ

Maximize effect of aligning the j- th activation with samples from the j- th concept

ὗ

(Learnable!)

Rotation Matrix
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CW supports the hypothesis that DNNs learn more complex concepts in later layers:

101

FOUND PROTOTYPES

[1] Chen et al. "Concept whitening for interpretable image recognition." Nature Machine Intelligence 2.12 (2020).

https://www.nature.com/articles/s42256-020-00265-z
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CBMs

Post- hoc 
CBMs



CW is great but is has some key limitations:

1. It requires a batch norm layer in the pretrained model (read: architecture- specific)

2. It requires fine- tuning of Àúú ġëÙ Ćæ ġëÙ ÿĆÓÙú˫Ě ĲÙíçëġĚ(read: could be expensive)

POST- HOC CBMS

103[1] Yuksekgonul et al. "Post- hoc concept bottleneck models."ICLR (2023).

Limitation Being Addressed

https://arxiv.org/abs/2205.15480


Given a bank of concept activation vectors in a pre- trained model, we learn an 
interpretable mapping projected concept scores and a downstream task of interest

POST- HOC CBMS

104

Proposed Solution

[1] Yuksekgonul et al. "Post- hoc concept bottleneck models."ICLR (2023).

A trained DNN Concept Activation Vector Bank

+ =

Post- hoc CBMs!

https://arxiv.org/abs/2205.15480


105

Make the final prediction with 
an interpretable predictor

POST- HOC CBMS

Proposed Solution

[1] Yuksekgonul et al. "Post- hoc concept bottleneck models."ICLR (2023).

Goal: learn an interpretable model mapping concept similarity scores to task labels

Step 1: learn CAVs from the frozen latent space of the pre- trained DNN

https://arxiv.org/abs/2205.15480
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POST- HOC CBMS

Proposed Solution

[1] Yuksekgonul et al. "Post- hoc concept bottleneck models."ICLR (2023).

Goal: learn an interpretable model mapping concept similarity scores to task labels

Step 2: project all training samples to the concept activation space using the cavs

https://arxiv.org/abs/2205.15480
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POST- HOC CBMS

Proposed Solution

[1] Yuksekgonul et al. "Post- hoc concept bottleneck models."ICLR (2023).

Goal: learn an interpretable model mapping concept similarity scores to task labels

Step 3: learn an interpretable predictor from the concept scores to the task labels

https://arxiv.org/abs/2205.15480


108

If the concepts are incomplete, the performance will drop significantly!

POST- HOC CBMS

Proposed Solution

[1] Yuksekgonul et al. "Post- hoc concept bottleneck models."ICLR (2023).

Goal: learn an interpretable model mapping concept similarity scores to task labels

Step 3: learn an interpretable predictor from the concept scores to the task labels

https://arxiv.org/abs/2205.15480
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POST- HOC CBMS

Proposed Solution

[1] Yuksekgonul et al. "Post- hoc concept bottleneck models."ICLR (2023).

Goal: learn an interpretable model mapping concept similarity scores to task labels

Step 4 (optional): fit a residual model if the concepts are incomplete

https://arxiv.org/abs/2205.15480


110

POST- HOC CBMS WITHOUT CONCEPT SETS

[1] Yuksekgonul et al. "Post- hoc concept bottleneck models."ICLR (2023).

Post- hoc CBMs can be learnt without concept sets if we have access to 
language- based concepts together with a multimodal model

https://arxiv.org/abs/2205.15480
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CBMs

Probabilistic 
CBMs



CBMs must predict concepts for all samples even they are ambiguous

The cross- entropy loss does not encourage the concept predictor to be uncertain

PROBABILISTIC CBMS

112[1] Kim et al. "Probabilistic Concept Bottleneck Models."ICML (2023).

Limitation being addressed


