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Today
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• Optional HW5

• Project Presentation Sign-up

• 4 minute presentations!

• Project Final Report
• Due Friday December 12th

• Submit PDF via Canvas

• Final Exam
• December 17th, 5:05-7:05PM

• Science 180

• Study Guide Released

https://docs.google.com/spreadsheets/d/1JIES7fe70-7MUxe3MFi8oRYLfTWUqamjTtvczYIg3AQ/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1JIES7fe70-7MUxe3MFi8oRYLfTWUqamjTtvczYIg3AQ/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1JIES7fe70-7MUxe3MFi8oRYLfTWUqamjTtvczYIg3AQ/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1JIES7fe70-7MUxe3MFi8oRYLfTWUqamjTtvczYIg3AQ/edit?usp=sharing


Last time
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Explainability, Alignment



2016: Setting the stage
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Lipton (2016) - Interpretability is invoked 
when metrics ≠ objectives

Doshi-Velez & Kim (2017) - Three modes of 
evaluation: application-grounded, human-
grounded, functionally-grounded.



2017-2020: Fragmented Approaches
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Post-Hoc Transparency Mechanistic

• LIME, SHAP, IG
• Became industry 

standard

• GAMs, Monotonic Nets
• Niche in healthcare/tabular

• Circuits, probing, 
feature geometry in 
LLMs

• Technically deep, but 
rarely user-facing



Cracks in Post-Hoc Explanations
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• Popular tools often look convincing but 
don’t guarantee fidelity.

• Adebayo et al. (2018): Saliency maps can 
be insensitive to model weights.

• Slack et al. (2020): Easy to fool LIME and 
SHAP.

• Jacovi & Goldberg (2020): Faithfulness vs 
plausibility gap.

• Rudin (2019): Call to abandon post-hoc in 
high-stakes settings.

Figure 6 from Adebayo et al. 2018



Foundation Models take the field

Ben Lengerich © University of Wisconsin-Madison 2025

2017 - Transformer 2018 - GPT 2019 – GPT2

117M params 1.5B params

2020 – GPT3

175B params

2024 – GPT4

>1T params

2024 – GPT5

>?? params



“Scale is all you need”?
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“Scaling Laws for Neural Language Models”. Kaplan et al 2021
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“Scaling Laws for Neural Language Models”. Kaplan et al 2021



“Scale is all you need”?
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“Scaling Laws for Neural Language Models”. Kaplan et al 2021
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Individual vs System-Level Stats

Individual Stats System Stats

• PPG, APG, PER
• Russell Westbrook 2016–17: 31.6 PPG, 

10.4 APG, PER 30.6.
• Historic individual success

• Net Rating = Offensive – Defensive 
Rating

• Measured on lineups, not individuals
• Correlates better with team wins

Example: Basketball

System Design view of interpretability



System Design benefits of interpretability
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Information Acquisition

Value 
Alignment

Modularity



System Design benefits of interpretability
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Information Acquisition: What should we measure?
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• Predictive models often take measurements as fixed.

• In practice, measurement is active and costly.
• Especially true in biomedicine

• Interpretability can highlight missing but valuable information.

Current Patient State

X most important? Y most important?

Order test for X Order test for y

Information 
Acquisition

Diagnosis

Prognosis SDOH

Follow-
through



Case study: Severe Maternal Morbidity (SMM)
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• Predict SMM via Generalized Additive Model (GAM)

Components can be individually visualized:

[Hastie and Tibshirani (1993)]

Decompose complex outcomes into a sum of univariate functions
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Case study: Severe Maternal Morbidity (SMM)

Lengerich et al. Insights into severe maternal 
morbidity in the NTSV population. AJOG 2021



Ben Lengerich © University of Wisconsin-Madison 2025

Case study: Severe Maternal Morbidity (SMM)
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Case study: Severe Maternal Morbidity (SMM)

BabySize-MaternalHeight Ratio (BMSR)
= birth weight (kg) / maternal height^2

#1 Feature Importance: more 
than preeclampsia, etc.

Lengerich et al. Insights into severe maternal 
morbidity in the NTSV population. AJOG 2021
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Case study: Severe Maternal Morbidity (SMM)

BabySize-MaternalHeight Ratio (BMSR)
= birth weight (kg) / maternal height^2

#1 Feature Importance: more 
than preeclampsia, etc.

Lengerich et al. Insights into severe maternal 
morbidity in the NTSV population. AJOG 2021

We just happened to have maternal height 
available; what should we actually be measuring 

clinically?



System Design benefits of interpretability
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Information Acquisition

Value 
Alignment

Modularity



Modularity: Swappable, testable Components
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• Interpretability connects component-level performance to system-
level performance

• Each component has a ”job”

 → new versions can be tested and adopted

Information 
Acquisition

Diagnosis

Prognosis SDOH

Follow-
through



Modularity: Swappable, testable Components

Ben Lengerich © University of Wisconsin-Madison 2025

• Currently: extract components from trained models

• Could we incorporate these components from the start of 
model training?

https://arxiv.org/pdf/2501.16496

https://arxiv.org/pdf/2501.16496
https://arxiv.org/pdf/2501.16496
https://arxiv.org/pdf/2501.16496


System Design benefits of interpretability
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Information Acquisition

Value 
Alignment

Modularity



Alignment: What did the model learn to optimize?
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• Connect probabilistic objectives to value-based objectives

• Outer vs inner alignment:
• Outer alignment: Is the loss function we train on actually aligned with human 

goals?

• Inner alignment: Given that loss, does the trained model’s internal 
representation faithfully implement that goal, even off-distribution?



Jagged Performance = Mis-alignment?
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https://x.com/tomaspueyo/status/1993360931267473662
https://x.com/tomaspueyo/status/1993360931267473662
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Example: Medicine
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Example: Medicine
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Real-world effects are surprising and may not be causal
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In-hospital mortality risk for hospitalized patients with pneumonia:

Blood Urea Nitrogen (mg/dL)

M
o
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d
d
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a
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o

Biologic causality?

Lengerich et al. The Hidden Cost of Round Numbers and Sharp 
Thresholds in Clinical Practice. NPJ Digital Medicine 2025



Real-world effects are surprising and may not be causal
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In-hospital mortality risk for hospitalized patients with pneumonia:

Low biological risk

Highest risk

Low observed risk

Creatinine (mg/dL)
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Lengerich et al. The Hidden Cost of Round Numbers and Sharp 
Thresholds in Clinical Practice. NPJ Digital Medicine 2025



Real-world effects are surprising and may not be causal
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MIMIC-IV mortality risk for hospitalized patients:

Serum creatinine (mg/dL)
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Healthy

Unhealthy Surprising low-risk

Should data-driven systems 
learn to put everyone into 
kidney failure?

Lengerich et al. The Hidden Cost of Round Numbers and Sharp 
Thresholds in Clinical Practice. NPJ Digital Medicine 2025



Goodheart’s Law
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When a measure becomes a target, it 
ceases to be a good measure.

A form of Goodheart’s Law for biomarkers

When a biomarker is used to guide treatment 
decisions, it ceases to predict outcomes.



What should we do?

• Two paths:
• Correct for the complications at training time

• Extract and correct for the complications after training

• Key Point:
• Ignoring complicated features does not remove their effects from the 

trained model.

• Correlations and associations make all kinds of effects still show up in 
the trained model.

Ben Lengerich © University of Wisconsin-Madison 2025



Example: Training to be invariant to “race”

Ben Lengerich © University of Wisconsin-Madison 2025

• Suppose we have a dataset that contains a “race” feature and we 
want our trained model to be invariant to “race”. What should we 
do?

• Remove “race” from training and assume the model ignores 
those effects.

• Train on all features including “race” and then:
• (Maybe) Remove the learned component associated with “race”

• (Maybe) Drop the “race” feature at test-time

• (Maybe) Train with a modified loss function to encourage invariant 
predictions

• (Maybe) 



Today: System Design benefits of interpretability
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Information Acquisition

Value 
Alignment

Modularity

Can we achieve these benefits via post-hoc 
explanations of black-box AI?



Open Problems
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https://www.youtube.com/watch?v=aR20FWCCjAs
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What’s the point of statistics anymore?
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• A language for communication

• A language for computation

• A language for development

Universe of complexity

Finite human 
understanding

Structure!



Some open problems from Ilya
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• Models show impressive eval performance but lack real-world 
economic impact and exhibit jaggedness, like repeating bugs in coding 
tasks.

• Human emotions serve as robust value functions? Current AI lacks 
similar mechanisms.

• Pre-training scales uniformly but hits data walls; RL consumes more 
compute but needs better efficiency via value functions.

• Humans generalize better than models with fewer samples and 
unsupervised learning.

• Alignment involves designing AI to care for sentient life, including AIs, 
for broader empathy over human-centric values?



Some open problems from Ilya
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• Models show impressive eval performance but lack real-world 
economic impact and exhibit jaggedness, like repeating bugs in coding 
tasks.

• Human emotions serve as robust value functions? Current AI lacks 
similar mechanisms.

• Pre-training scales uniformly but hits data walls; RL consumes more 
compute but needs better efficiency via value functions.

• Humans generalize better than models with fewer samples and 
unsupervised learning.

• Alignment involves designing AI to care for sentient life, including AIs, 
for broader empathy over human-centric values?

You all now have the tools and vocabulary to discuss 
SOTA research that is worth billions of $.



More open problems
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• RL (how to effectively train at scale with distant reward signals)

• Scaling verifiable rewards

• Combining LLMs with symbolic reasoning

• Combining LLMs with graphical models

• Continual learning

• Formal theory of alignment.

• Post-hoc interpretability of large models.

• Ante-hoc interpretable-by-design large models.

• Ethical and technical fusion: aligning not just models, but the human-
model system.



Questions?
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