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* Project Presentation Sign-up
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* Project Final Report
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* Science 180
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Explainability, Alignment




2016: Setting the stage

Doshi-Velez & Kim (2017) - Three modes of

Lipton (2016) - Interpretability is invoked evaluation: application-grounded, human-

when metrics # objectives

1606.03490v3 [cs.LG] 6 Mar 2017

arXiv

The Mythos of Model Interpretability

Zachary C. Lipton'

Abstract

Supervised machine leaming models boast re-
markable predictive capabilities. But can you
tnust your model? Will it work in deployment?
What else can it tell you about the world? We
want models 1o be not oaly good, but inter-
pretable. And yet the task of interpretation ap-
pears underspecified. Pupers provide diverse and
sometimes non-overlapping motivations for in-
terpretability, and offer myriad notions of what
attribates render models inlerpretable. Despite
this ambiguity, many papers proclaim inter-

o .one has managed to set it in writing, o (i) the term in-
terpretabiliy is ill-defined. and thus claims regarding intec-
pretability of various models may exhibit 1 quasi-scientific
character. Our investigation of the literature suggests the
latter 1o be the case. Both the motives for interpretability
and the technisal descriptions of interpretable models are
diverse and occasionally discordant, suggesting that inter-
pretability relers to more than one concept, In this paper,
we seek 1o clarify bath, suggesting that interpretabilfy is
not a monolithic concept, bul in fact reflects several dis-
tinct deas. We hope, through this critical analysis, 1o bring
focus (0 the dialogue.

pretability absent pl
tion. In this paper, we scek 0 refine the dis-
course on interpretability. First, we examine the
motivations underlying interest in interpretabil-
ity. finding thes 1o be diverse and occasionally
discondant, Then, we address model properties
and techniques thought to confer interpretability,
identifying transparency to humans and post-Hios
explanations as competing notions. Throughout,

the feasibility and desirability of dif-
ferent notions, and question the oft-made asser-
tions that lincar modcls are interprctable and that
deep neural networks are not.

1. Introduction

As machine learning models penetrate critical areas like
medicine, the criminal justice system, and financial mar-
kets, the inability of humans to understand these mod-
els seems problemaic (Caruana et al, 2015; Kim, 2015).
Some suggest madel interpretability as a remedy. but few
articulate preciscly what interpretability means o why it is
impartant. Despite the absence of a definition, papers fre-
quently make claims about the interpretability of various
models. From this, we might conclude that cither: (i) the
definition of interpretability s universally agreed upon, but

other
machine learning paradigms, such as reinforcement learn-
ing and interactive Iearning. This scope derives from our
original interest in the oft-made claim that linear models
ase preflrable 10 deep neural networks on sccount of their

ility (Lou et al, 2012). To lar-
ity, we ask the refining questions: What is inferpretability
and why is it imporiant? Broadening the scope of discus-
i ith resp . For
research investigating interpretability in the context of rein-
forcement learning, we point o (Dragan ct al., 2013) which
studies the human interpretability of robot actions. By the
same reasoning, e do not delve as much as other papers
might into Bayesian methods, however try (o draw these
connections where appropiate.

To ground any discussion of what might constitute inter-
pretability, we first consider the various desiderata put fo
in work addressing the topic (expanded

pers propose int a 1o engender
(Kim, 2015; Ridgeway et al, 1998). But what is tusi?
Docs i refer 1o faith in a model's performance (Ribiro
et s, 2016), robustness, e 1 some other property of the
decisions it makes? Does interpretability simply mean 3
low-level mechanistic understanding of our models? If
s0 doss it apply 10 the features, parameters, models, or
training algorithms? Gther papers suggest a connection
between an interpretable model and one which uncovers
al data (Athey &

“Universiy of Califoria, San Diego. @
Zachary C. Liptan <slipeontéce ucsd edu>.

2016 ICML Workshop on Human Interpretability in Machine
Learning (WHI 2016), New York, NY, USA. Copyright by the

athor(s)

015). The legal
notion of a right to explanation offers yet anothet lens on
interpretabiliy.

Often, our machine learsing problem formulations are im-
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grounded, functionally-grounded.

arXiv:1702.08608v2 [stat.ML] 2 Mar 2017

Towards A Rigorous Science of Interpretable Machine Learning

Finale Doshi-Velez* and Been Kim®

From autonomous cars and adaptive email-filters o predictive policing systems, machine learn-
ing (ML) systems are increasingly ubiquitous; they outperform humans on specific tasks [Mnih
et al., 2013, Silver et al,, 2016, Hamill, 2017] and often guide processes of human understandi
and decisions Carton et al., 2016, Doshi-Velez et al., 2014). The deployment of ML systems in
complex: applications has led to a surge of interest in systems optimized not only for expected
task performance but also other important eriteria such as safety [Otte, 2013, Amodei et al., 2016,
Varshney and Alemzadeh, 2016], nondiscrimination [Bostrom and Yudkowsky, 2014, Ruggieri et al.,
2010, Hardt et al., 2016], avoiding technical debt [Sculley et al., 2015], o providing the right to
explanation [Goodman and Flaxman, 2016]. For ML systems to be used safely, satisfying these
auxiliary criteria is critical. However, unlike measures of performance such as accuracy, these crite-
ria often cannot be completely quantified. For example, we might not be able ta enumerate all unit
tests required for the safe operation of & semi-autonomous car or all confounds that might cause
a credit scoring system to be discriminatory. In such cases, a popular fallback is the critetion of
interpretability: if the system can explain its reasoning, we then can verify whether that reasoning
is sound with respect to these auxiliary criteria.

Unfortunately, there is little consensus on what interpretability in machine learning is and
how to evaluate it for benchmarking. Current interpretability evaluation typically falls into two
categories. The first evaluates interpretability in the context of an application: if the system is useful
in either a practical application or  simplified version of it, then it must be somchow interpretable
(e.g. Ribeiro et al. [2016], Lei et al. [2016], Kim ct al. [2015a], Doshi-Velez et al. [2015], Kim et al.
[2015b]). The second evaluates interpretability via a quantifiable proxy: a researcher might first
claim that some model class—e.g. sparse linear models, rule lists, gradient boosted trecs—are
interpretable and then present algorithms to optimize within that elass (e.g. Bucilu et al. [2006],
Wang et al. [2017], Wang and Rudin [2015], Lou et al. [2012]).

To large extent, both evaluation approaches rely on some notion of “you'll know it when you
see it.” Should we be concerned about a lack of rigor? Yes and no: the notions of interpretability
above appear reasonable because they are reasonable: they meet the first test of having face-
validity on the correct test set of subjects; human beings. However, this basic notion leaves many
kinds of questions unanswerable: Are all models in all defined-to-be-interpretable model classes
equally interpretable? Quantifiable proxies such as sparsity may seem to allow for comparison, but
how does one think about comparing a model sparse in features to a model sparse in prototypes?
Moreover, do all applications have the same interpretability needs? If we are to move this field

d—to com and when methods may generalize—we need to formali
these notions and make them evidenee-based

The objective of this review is to chart a path toward the definition and rigorous evaluation
terpretability. The need is urgent: recent European Union regulation will reuire algorithms

of

Authors conteibuted equally.




2017-2020: Fragmented Approaches

Post-Hoc Transparency Mechanistic

* LIME, SHAP, IG * GAMs, Monotonic Nets e Circuits, probing,

* Became industry * Niche in healthcare/tabular feature geometry in
standard LLMs

e Technically deep, but
rarely user-facing
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Cracks in Post-Hoc Explanations

e Popular tools often look convincing but
don’t guarantee fidelity.

O
* Adebayo et al. (2018): Saliency maps can 8B . s s 3z 3y
be insensitive to model weights. § £ 38 § $8 E& %2 % 4
s g 3¢ s 3§ £5 £5 % E
* Slack et al. (2020): Easy to fool LIME and s & °& & %5 £9 9§
True - : ‘ ‘ .
SHAP. Labels l,“‘ | _" ﬂ,_,\ H L’\ ( ) [ 3 L'\
 Jacovi & Goldberg (2020): Faithfulness vs fandom  GibienEll pen ,; g o | e |
plausibility gap. Labels  eprinnaty Bt AKMR R

e Rudin (2019): Call to abandon post-hocin

. . Figure 6 from Adebayo et al. 2018
high-stakes settings.
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Foundation Models take the field

—
2017 - Transformer 2018 - GPT 2019 - GPT2 2020 - GPT3 2024 - GPT4 2024 - GPTS5

117M params 1.5B params 175B params >1T params >?7? params

Language Models are Unsupervised Multitask Learners

(shifted right)

Figure 1: The Transformer - model architecture.
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“Scale is all you need”?
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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute? used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

“Scaling Laws for Neural Language Models”. Kaplan et al 2021
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up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

“Scaling Laws for Neural Language Models”. Kaplan et al 2021
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System Design view of interpretability

Individual vs System-Level Stats

Example: Basketball

Individual Stats System Stats

* PPG, APG, PER * Net Rating = Offensive — Defensive
* Russell Westbrook 2016-17: 31.6 PPG, Rating

10.4 APG, PER 30.6. * Measured on lineups, not individuals
e Historic individual success * Correlates better with team wins

Ben Lengerich © University of Wisconsin-Madison 2025



System Design benefits of interpretability

Information Acquisition

Value
Alignment

Modularity
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System Design benefits of interpretability

Information Acquisition

Value
Alignment

Modularity

Ben Lengerich © University of Wisconsin-Madison 2025



Information Acquisition: What should we measure?

* Predictive models often take measurements as fixed.

* |n practice, measurement is active and costly.
e Especially true in biomedicine

* |Interpretability can highlight missing but valuable information.

Current Patient State
| Information |
. X most important? . Y most important? |

________________________________ Acquisition
l Prognosis a@ SDOH l
Order test for X | n Follow-
OrdertestforX | i KO Ordertestfory

through
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Case study: Severe Maternal Morbidity (SMM)

* Predict SMM via Generalized Additive Model (GAM)
[Hastie and Tibshirani (1993)]

Decompose complex outcomes into a sum of univariate functions

/

F(z) =y = Bo + fi(z1) + f2($5+----+fr($r)

Components can be individually lvisualized:

F(x)=y=p0+ — +.o...+
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Case study: Severe Maternal Morbidity (SMM)
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Figure 1 Generalized additive model (GAM) plots showing odds of SMM for
(a) baby birthweight '

Lengerich et al. Insights into severe maternal
morbidity in the NTSV population. AJOG 2021
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Case study: Severe Maternal Morbidity (SMM)
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Figure 1 Generalized additive model (GAM) plots showing odds of SMM for
(a) baby birthweight and (b) maternal height.

Lengerich et al. Insights into severe maternal
morbidity in the NTSV population. AJOG 2021
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Case study: Severe Maternal Morbidity (SMM)
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Figure 1 Generalized additive model (GAM) plots showing odds of SMM for n 1.0-
(a) baby birthweight and (b) maternal height.
0.8 .
0.5 1.0 1.5 2.0 25

BabySize-MaternalHeight Ratio (kg/m?)

Lengerich et al. Insights into severe maternal #1 Feature Importance: more
morbidity in the NTSV population. AJOG 2021 .
than preeclampsia, etc.
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Case study: Severe Maternal Morbidity (SMM)
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=
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Figure 1 Generalized additive model (GAM) plots showing odds of SMM for n 1.0- o
(a) baby birthweight and (b) maternal height.
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Lengerich et al. Insights into severe maternal #1 Feature Importance: more
morbidity in the NTSV population. AJOG 2021 .
than preeclampsia, etc.
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System Design benefits of interpretability

Information Acquisition

Value
Alignment

Modularity
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Modularity: Swappable, testable Components

* |Interpretability connects component-level performance to system-
level performance

* Each component has a ”job”
— new versions can be tested and adopted

Information
Acquisition

Prognosisa@ : SDOH
_ _ Q Follow-
Diagnosis

Ben Lengerich © University of Wisconsin-Madison 2025



Modularity: Swappable, testable Components

e Currently: extract components from trained models

4 , , N
Reverse Engineering

J

é

Concept Based Interpretability

https://arxiv.org/pdf/2501.16496

* Could we incorporate these components from the start of

model training?

Ben Lengerich © University of Wisconsin-Madison 2025
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System Design benefits of interpretability

Information Acquisition

Value
Alignment

Modularity
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Alignment: What did the model learn to optimize?

e Connect probabilistic objectives to value-based objectives

e Quter vs inner alignment:

e QOuter 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?

Ben Lengerich © University of Wisconsin-Madison 2025




Jagged Performance = Mis-alignment?

“The Al is unbelievably
intelligent but for some
reason it fails at X.”

“The Al is helping me “The Al has a jagged frontier,
in some tasks.” sometimes it’s amazing,
sometimes it's dumb.”

“The Al is a fun toy.”

AGI

Tasks of a
human job

Ben Lengerich © University of Wisconsin-Madison 2025 https://x.com/tomaspueyo/status/1993360931267473662
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Example: Medicine

(Underlying Risk)
Observed ™" Useful to predict? ;
Blomarkers ...........................................................E .",*

( Treatments )

Patient
Outcome
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Example: Medicine

I
Underlying [ U nderlying Risk ] Underlying risk
risk produces worsens patient
observed outcomes.

biomarkers.

Predicts worse outcome

Observed \~ """ 1 - ¢ Ti -5 oA""" Patient
Biomarkers /' - ---===-=-=L1-=="=----- ., Outcome

Predicting outcomes from biomarkers can
confound underlying risk and treatment.

Observed
biomarkers can
affect treatment
decisions.

Predicts better outcome

©

[ Treatments ]

Treatments
improve patient
outcomes.
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Real-world effects are surprising and may not be causal

In-hospital mortality risk for hospitalized patients with pneumonia:

N
o

I

1.6;

1.4,

17 TN

[
o

Biologic causality?

o
[o")

Mortality Odds Ratio

o
o

30 40

90 100

Blood Urea Nitrogen (mg/dL)

Lengerich et al. The Hidden Cost of Round Numbers and Sharp
Ben Lengerich © University of Wisconsin-Madison 2025 Thresholds in Clinical Practice. NPJ Digital Medicine 2025




Real-world effects are surprising and may not be causal

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

MIMIC-IV mortality risk for hospitalized patients:

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

N

[

Unhealthy .— Surprising low-risk

-

™ Healthy

Mortality Odds Ratio

2 4 6 8 10
Serum creatinine (mg/dL)

)

Lengerich et al. The Hidden Cost of Round Numbers and Sharp
Ben Lengerich © University of Wisconsin-Madison 2025 Thresholds in Clinical Practice. NPJ Digital Medicine 2025




Goodheart’s Law

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.
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What should we do?

* Two paths:

e 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.

e Correlations and associations make all kinds of effects still show up in
the trained model.
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Example: Training to be invariant to “race”

e 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?

o )

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)

(3
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Today: System Design benefits of interpretability

Information Acquisition
A\

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

Y\

Alignment

Modularity
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Open Problems




“It's back to the
age of research
again, just with
big computers.’

Ben Lengerich © University of Wisconsin-Madison 2025 https://www.youtube.com/watch?v=aR20FWCC]As
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What’s the point of statistics anymore?

* A language for communication
* A language for computation

* A language for development

Structure!

Universe of complexity

Ben Lengerich © University of Wisconsin-Madison 2025

Finite human
understanding




“It's back to the “

age of research ko '
again, just with S /|
big computers.” "

Some open problems from llya

e © i
- 4\1
L NG
NN
%
L
5.1

* 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 Al lacks
similar mechanismes.

* 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 Al to care for sentient life, including Als,
for broader empathy over human-centric values?

Ben Lengerich © University of Wisconsin-Madison 2025



“It's back to the
age of research
again, just with

big computers.”

Some open problems from llya

* Models show impressive eval performance but lack real-world

economic impact and exhibit jaggedness, like repeating bugs in coding
tasks.

* Hl You all now have the tools and vocabulary to discuss

‘: SOTA research that is worth billions of S.

compute but needs better efficiency via value functions.

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

* Alignment involves designing Al to care for sentient life, including Als,
for broader empathy over human-centric values?
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More open problems

* RL (how to effectively train at scale with distant reward signals)
* Scaling verifiable rewards

e Combining LLMs with symbolic reasoning

* Combining LLMs with graphical models

e Continual learning

* Formal theory of alignment.

e Post-hoc interpretability of large models.

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

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