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Interpretable Machine Learning

Al is being used to make critical decisions in our lives.
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Interpretable Machine Learning

Can we trust Al (Machine Learning)?
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Interpretable Machine Learning

Can we trust Al (Machine Learning)?

Make it interpretable or explainable!
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Interpretable Machine Learning

Can we trust Al (Machine Learning)?

Make it interpretable or explainable!

But, can we trust the interpretations?
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Interpretable Machine Learning

What goes on

G. I. Allen (Columbia)

inside the black-box?

Inference for ML Interpretations



Interpretable Machine Learning

Interpretable Machine Learning

Machine learning (ML) techniques to find human understandable
insights into the data, the ML model, or the ML model’s output.
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Interpretable Machine Learning
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Our Focus: Interpreting Features

Feature Importance
How do the input features effect the model's output?

Focus: Feature Importance for Tabular Data.
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Our Focus: Interpreting Features

Tons of measures of feature importance!

Model-Specific:
o Coefficients in GLMs, MDI for Trees, DeepLIFT, LRP, etc.

Model-Agnostic:
@ Permutation (Konig et al., 2021).
» Permute feature j and assess effect on predictions.
@ Shapley values (Lundberg and Lee, 2017).

» Assess the predictive value of adding feature j to all possible subsets of
features.

@ Occlusion (Covert et al., 2021).
» Remove feature j and assess effect on predictions.
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Our Focus: Interpreting Features

Tons of measures of feature importance!

Model-Specific:
o Coefficients in GLMs, MDI for Trees, DeepLIFT, LRP, etc.

Model-Agnostic:
e Permutation (Konig et al., 2021).
» Permute feature j and assess effect on predictions.
@ Shapley values (Lundberg and Lee, 2017).

> Assess the predictive value of adding feature j to all possible subsets of
features.

@ Occlusion (Covert et al., 2021).
» Remove feature j and assess effect on predictions.

Can we trust feature importance measures?
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Results Preview: Empirical Reliability Study

Study Design:  Approach: Test interpretation reliability through

repeated random data perturbations.

o Data: 304+ Commonly used benchmark data sets chosen to vary n, p
and other data properties.

e Data Perturbations: 10+ Scenarios like repeated train / test set
splits, adding random noise, etc.

o IML Methods: 50+ popular IML methods applied.

@ Consistency Metrics: 10+ consistency metrics employed to measure
reliability.
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Results Preview: Empirical Reliability Study

Study Design:

Generate Interpretations
& Predictions

Random Train/Test Splits

I Training set

Test set

G. I. Allen (Columbia)

Interpretation results
from IML method 1

Interpretation results
from IML method 1

Interpretation results
from IML method 2

Test accuracy for
method 1

Test accuracy for
method 2

from IML method 2

Test accuracy for
method 1

Test accuracy for
method 2

Interpretation results

Consit &A y Question

Q1
If we sample a different
training set, are the
interpretations similar?

Consistency of —
mmmd interpretations across R
splits

Ex: Jaccard similarity between
top features selected by Ridge

in different splits Q2

Consistency between Do two IML methods
different methods' [oupnd generate similar

each split data?

interpretations on interpretations on the same

Ex: Jaccard similarity between
top features selected by Ridge

and XGB in one split

Q3
o Does higher accuracy lead
Average prediction to more consistent
CCUECY, interpretations?
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Results Preview: Empirical Reliability Study

Feature Importance for Classification:

A Q1: Interpretation Consistency
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Results Preview: Empirical Reliability Study

Feature Importance for Classification: Internal Consistency

B Q1: Ranked Interpretation Consistency
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Results Preview: Empirical Reliability Study
Feature Importance for Classification: Between-Method Consistency

Q2: Interpretation Consistency
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Results Preview: Empirical Reliability Study

Interpret with caution!
What can we do?

Uncertainty Quantification (Statistical Inference) for Feature Importance?
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Our Goal

Our Goal

We seek to provide confidence intervals for feature interpretations for
any learned ML model (model-agnostic) and without making any
modeling or data assumptions (distribution-free).

© Feature Importance.

@ Higher-Order Feature Interaction Importance.

Focus: Occlusion-based importance for Tabular Data.

G. I. Allen (Columbia) Inference for ML Interpretations May 23, 2025 7/26



© Inference for Feature Importance
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Background: Feature Importance Inference

Distribution-Free & Model-Agnostic Inference for Feature
Importance?

Related: Conformal Inference

e Conformal (predictive) inference yields valid distribution-free &

model-agnostic confidence intervals for predictions (Shafer and Vovk,
2008).

Related: Post Selection Inference

@ Valid inference after model selection for model-specific ML
approaches (Taylor and Tibshiarni, 2015).
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Background: Feature Importance Inference

ML Feature Importance:

@ How does feature j affect
f(x)?

@ How does my specific ML
model use feature j to make
predictions?

@ Property of the specific ML
model-data interaction.

G. I. Allen (Columbia)

Population Feature Importance:

@ How does feature j affect
*(x)?

@ Assumes a population
(data-generating) model (f*).

@ Property of data and assumed
population model, not a
specific ML model.
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Background: Feature Importance Inference

ML Feature Importance:

@ Inference via Occlusion:
LOCO! (Lei et al., 2018;
Rinaldo et al., 2019).

Population Feature Importance:

@ All of classical statistics!

@ Inference in ML context via

occlusion: (Shah and Peters,
2020; Zhang and Janson,
2020; Williamson et al., 2022;
Williamson and Feng, 2020;
Lundberg et al., 2018; and
many more).

Requires strong assumptions
on the ML model employed
(f) and/or knowledge of the
data distribution or population
model (f*) (Shah and Peters,
2020).
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Background: LOCO

Leave-One-Covariate-Out (LOCO) Inference:
o (Lei et al., 2018; Rinaldo et al., 2019)

Idea: Inference on feature occlusion scores based on data-splitting and
conformal inference.
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Background: LOCO

O
Leave-One-Covariate-Out (LOCO) Inference: Can )

o (Lei et al., 2018; Rinaldo et al., 2019) N
GOIE0CO

Inference target:

AX(X,Y)=E [Err (Y, FI(X_ X, Y)) — Err (Y, £(X; X, Y)> X, Y}

~

f(X; X, Y) denotes the model trained on set (X, Y) and evaluated at
new point X and Err() is any prediction error metric.

o Difference in expected prediction error with feature j vs. without
feature j.

° AJ"-‘(X, Y) is positive when feature j improves predictions.

@ Interpretation: How important is feature j when deploying the trained
model 7
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Background: LOCO

(N
Leave-One-Covariate-Out (LOCO) Inference: Ca)

o (Lei et al., 2018; Rinaldo et al., 2019) A
G0}1:0CO

Inference target:

APPI(X, Y) = E [Err (Y2, P (Xosi X1, Yl)) — Err (Yz, F(Xo: X1, Yl)) X1, YI]

Approach: Split data into D; and Dy; fit predictive models to Dy, & and
use D, to evaluate prediction error to construct confidence intervals.
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Background: LOCO

Leave-One-Covariate-Out (LOCO) Inference:
o (Lei et al., 2018; Rinaldo et al., 2019)

Advantages:
@ Model-agnostic (only studied for regression).
@ Agnostic to the form of contribution from feature ;.

@ Assumption-light & Distribution-free.
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Background: LOCO

Leave-One-Covariate-Out (LOCO) Inference:

o (Lei et al., 2018; Rinaldo et al., 2019)

Advantages:
@ Model-agnostic (only studied for regression).
@ Agnostic to the form of contribution from feature ;.

@ Assumption-light & Distribution-free.

Disadvantages:
o Data splitting loses statistical power.

o Computationally prohibitive.

@ Inference depends on random data split & not all available data.
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Minipatch Ensemble Learning

A Original Data Matrix B Permutated Data Matrix C Multiple Random Minipatches
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Idea: Minipatches are tiny subsamples of both observations and features.
Double bagging! (Yao & Allen, 2019; Toghani & Allen, 2021)
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Minipatch Ensemble Learning

Name:

@ Minibatches (tiny subsamples of

observations). _ -
C Multiple Random Minipatches

@ Patches (image processing). :
[r—

Inspiration:

@ Random Forests (Louppe and Geurts,
2012).

@ Stochastic Optimization & Dropout.

@ Stability Selection. e

Advantages:
o Fast, distributed & memory efficient.

@ Increased ensemble diversity.
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Minipatch Ensemble Learning

)
[} I
R OEE

Can we use minipatches for LOCO inference?
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Minipatch LOCO

Step 1:

o Fit minipatch ensemble.

G. I. Allen (Columbia)
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Minipatch LOCO

Step 1:

@ Fit minipatch ensemble.

Inference Approach:

e Calculate the LOO (leave-one-observation-out) Predictor: 7_;(X;).
» Ensemble minipatches without observation i.

o Calculate the LOCO-LOO Predictor: f__ij(X,-).

» Ensemble minipatches without observation i/ and without feature .

@ Feature Occlusion Scores:

~

A;(Xi, Y;) = Error(Yi, /(X)) — Error(Yi, £-i(X;)).

@ Construct asymptotically normal confidence intervals for A;.
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Minipatch LOCO
Step 1:

o Fit minipatch ensemble.

Inference Approach:

e Calculate the LOO (leave-one-observation-out) Predictor: 7_;(X;).
» Ensemble minipatches without observation i.

e Calculate the LOCO-LOO Predictor: f;j(X;).

» Ensemble minipatches without observation i/ and without feature ;.

@ Feature Occlusion Scores:

~

Aj(X;, Y;) = Error(Y;, £7(X;)) — Error(Y;, £1(Xi)).

@ Construct asymptotically normal confidence intervals for A;.

Free computationally! (After Step 1)
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Minipatch LOCO
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Minipatch LOCO
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Minipatch LOCO
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Minipatch LOCO

Minipatch Feature Occlusion Scores:

A; i(Xi, Y;i) = Error(V;, f_ (X)) — Error(Y;, £_i(X))).

1 — o Confidence Interval for A}‘:

& = A,_Za/za’j X Za/26j:|
=

A
j VN J VN

XI7YI) Aj)2

where A; = £ 377 | Aj(X;, Y;) is the sample mean and &; = \/Z' =1 A(

is the sample standard deviation.
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Minipatch LOCO Validity

Do Minipatch LOCO confidence intervals have valid coverage?

Challenges:
Q@ A;(X;,Y;)'s are dependent.

» Each pair of A's depends on same N — 2 samples.
» Existing dependent Central Limit Theorems do not apply with this
extreme dependency.

© Same data is used for training & inference!
» New type of selective inference problem.
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Minipatch LOCO Validity

Al.

A2.

A3.
A4,

Error() satisfies a Lipschitz condition with constant L.
» Trivially / easily satisfied.

Bounded minipatch predictions: ||# £(X) — fir 7/(X)|| < B.
» Automatically satisfied for classification; satisfied under light

assumptions for regression.

Minipatch size: n = o(75VN).
e : [°B>N | LBVN

Minipatch number: K >> (72— + o T 1)log(N).
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Minipatch LOCO Validity

Theorem
Under assumptions Al-A4,

VNGTY(A; - A7) S N(0,1).

Corollary

/\llinooP(Aj €eC)=1-a.

Minipatch LOCO confidence intervals have valid asymptotic coverage!
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Minipatch LOCO Validity

Proof Sketch:

@ Recent paper (Bayle et al., 2020) shows CLT for cross-validation
error, if training algorithm is stable.

@ Minipatch LOO estimates similar to leave-one-out cross-validation
error.

@ Minipatch ensembles are stable with any base model!

@ Characterize conditions for MP stability via bounded differences, MP
number, MP size.
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Minipatch LOCO Validity

Algorithmic Stability = Algorithm Robustness?

Algorithmic Stability [Elisseeff et al., 2005; Kim & Barber, 2023|

P <|ﬁ1(Xn+1) — foc1(Xns1)| > 6) <é

@ Predictions from algorithm are robust to removal of an individual data
point.
@ Algorithmic Stability important for:
» Generalizability, conformal inference, selective inference, and more.
@ Most statistical / ML algorithms are NOT stable.
» Ex: (Generalized) linear models, decision trees, neural networks, etc.

@ Minipatches & Ensembling make ANY base model stable!
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Minipatch LOCO Validity

Other Theoretical Extensions & Contributions:

@ Variance barrier solving vanishing variance problem.

@ Alternative assumptions that permit minipatches of any size.
e Valid coverage after hyperparameter tuning (minipatch size).
°

Analysis of connection to population feature importance and
conditional independence testing under certain (linear) models.

Relation to post selection inference.

Analysis and discussion of minipatch LOCO inference with correlated
features.
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Simulation Studies

Theory Validation: Coverage.
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Coverage for regression simulations for a null feature; M = 200, varying N;
LOCO-MP with m =M, n=+/N, K = 10, 000.
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Simulation Studies

Interval Width:

Random Forest | Sparse Linear o Oé‘%andon{ Forest | Sparse Correlated ~ Random Forest | Sparse Nonlinear
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Log interval width for regression simulations for a null feature; M = 200, varying
N; LOCO-MP with m = VM, n = /N, K = 10, 000.
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Simulation Studies

Confidence Intervals:

Random Forest Random Forest
Linear Non-Linear
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Regression simulation M = 200 with 5 signal features and N = 500; LOCO-MP
with m=.5, n=.5, K =1,000.
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Results Preview: Genomics of Cognitive Decline

ROSMAP Study: Longitudinal clinical-pathological cohort study of aging
and Alzheimer's Disease.

o Data: n =507 subjects with clinical, imaging and post-mortem
genomics data.

@ Task: Predict a measure of global cognition proximate to death based
on post-mortem gene expression (bulk RNA-seq).

@ Model: Random Forest.

@ Gene filtering: Most variable genes (p = 86).
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Results Preview: Genomics of Cognitive Decline

Our Results:
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Results Preview: Genomics of Cognitive Decline

Comparative Results (Ablation):

S Method
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Results Preview: Genomics of Cognitive Decline

Comparative Results (Ablation):

Method
—— LOCO-MP
—— LOCO-Split

Test Mean Squared Error

10 20 30 40 50
Number of Features
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Results Preview: Genomics of Cognitive Decline

Genes Discovered:

e ZFP36: Up-regulated in AD patients (Guan et al., 2022)

@ TTTY14: Y-Chromosome up-regulated in male microglia in AD
(Wang et al., 2024).

e RNU1-9: long non-coding RNA (IncRNA) with no known links to AD;
several have recently linked IncRNAs to neurodegenerative diseases
(Huang et al.,2024; Black et al., 2024; Mosquera-Heredia et al.,
2024).

> New target to study!
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© Inference for Higher-Order Feature Interactions
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Feature Interaction Importance

Goal

Can we find important (higher-order) feature interactions?
And, can we quantify their uncertainty?

Why Feature Interactions?

"Omics" (Genomics, proteomics, chemometrics, and etc.)

Materials science.

°

@ Drug discovery.

@ Clinical diagnostics.
°

Advertising.
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Feature Interaction Importance

Goal

Can we find important (higher-order) feature interactions?
And, can we quantify their uncertainty?

Existing Approaches:
e H-Statistic (Friedman and Popescu, 2008).
» Computationally Burdensome.

@ Shapley Interaction Scores (Ribeiro et al., 2016, Sundararajan et al.,
2020; Tsai et al., 2023).

» Computationally Burdensome.

o Interaction Forests (Basu et al., 2018).
» Only for Random Forests.

No statistical inference!
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iLOCO: Interaction LOCO

Leave-Two-Out:

AI(X,Y)=E [Err <Y, f*U:k)(X,U,k))) —Err (Y, f(X)) | X, Y]

° Ajk positive when leaving features j and k out increases the
prediction error.
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iILOCO: Interaction LOCO
Leave-Two-Out:
Al (X, Y)=E [Err <Y, F—U:k)(x_(j’k))) ~Err (Y, f(X)) | X, Y]

° Ajk positive when leaving features j and k out increases the
prediction error.

Definition: iLOCO

ILOCO}, = A% + A} — A,
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iILOCO: Interaction LOCO
Definition: iLOCO

ILOCO}, = A7 + A} — A,

iLOCO?, =E

(Err <Y, f_j> + Err (Y, f_k) — Err <Y, f_(j’k)»

—Err(v,f) X, Y

@ Theorem: If we assume a functional ANOVA decomposition,
iLOCOfk is equal to the contribution of all terms containing the j, k
pairwise interaction.
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iLOCO: Interaction LOCO

Definition: iLOCO

ILOCO}, = A7 + A} — A,

@ Positive values of iLOCO;-kk indicate an important interaction.

@ Negative values of iLOCO}‘k indicate two important features that are
correlated, but don't interact.

» Existing feature importance metrics don't work well for correlated
features (Verdinelli and Wasserman, 2024).
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iLOCO: Interaction LOCO

Definition: Higher-Order iLOCO
iLOCOE = > (—-1)*-ITlAY
TCS

where S is a subset of features.

o First higher-order feature interaction metric.
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iLOCO: Interaction LOCO

iLOCO Estimation & Inference:

e Fast computation (distributed).

@ Model-agnostic, distribution-free, & assumption-light statistical
inference.
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Simulation Results Preview

Interaction Detection:

KRBF MLP RF
1.00
0.75 2
§ Metric
2050 g
B 0.25 2 H-Score
2 =
8 0.00 e~ SHAP Score
o 1.00 —o— |-Forest
2 »
g 0.75 g —e iLOCO-Split
2
%oso g e iLoco-mp
0.25 =
0.00
o 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5

Signal-to—Noise (SNR) Ratio

Computational Timing: With only M = 20 features, iLOCO-MP took
~20 seconds vs. >24 hours for competitors to run.
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Simulation Results Preview
Confidence Interval Coverage:

MLP RF

C
5
@
)
=
)
o7
©
©
)
>
<)
Oo.
P
- R S <)
=l
=
@
)
=

500 1000 1500 2000 500 1000 1500 2000 500 1000 1500 2000
N

Model Type = iLOCO-MP = iLOCO-Split
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Results: Cocktail Ingredients

Question

Which cocktail ingredients or combinations of cocktail ingredients yield
the best drinks?
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Results: Cocktail Ingredients

Question

Which cocktail ingredients or combinations of cocktail ingredients yield
the best drinks?

Difford‘s Guidc® R Login Join & Subscribe

i

DIFFORD’S
COCKTAIL
BUILDER

3

& a =

s A
00l
HADE EASY

COCKTAILS 3 INGREDIENT
MADE EASY COCKTAILS

U
PleT
v

COCKTAIL OF COCKTAIL
THE DAY FINDER

I

COCKTAIL
HALL OF FAME

il »

20 BEST
okt or [l icscenne,
INGREDIENT

BUY COCKTAIL
BUNDLES

BARTENDERS’
LOUNGE
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Results: Cocktail Ingredients

Difford's Guide  Q

FOR DISCERNING DRINKERS

Login Join & Subscribe

COCKTAIL OF COCKTAIL A COCKTAIL
THE DAY FINDER UILbER HALL OF FAME

I

4

v
TeT'l
20 BEST

ottt o [l uicscenne,
INGREDIENT

@ Web-scraped Difford’s Guide website.

COCKTAILS
MADE EASY

BUY COCKTAIL
BUNDLES

Ol

3 INGREDIENT
COCKTAILS

BARTENDERS’
LOUNGE

@ N = 15975 cocktails and studied the top M = 100 cocktail

ingredients.

@ Goal: Use the ingredients to predict the Difforfd’s Guide Rating.
@ Model: Minipatch ensemble of deep neural networks.
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Results: Cocktail Ingredients
Inference for Feature Importance (LOCO-MP) Results:
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Results: Cocktail Ingredients
Inference for Feature Importance (LOCO-MP) Results:
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Results: Cocktail Ingredients
Inference for Feature Interactions (iLOCO-MP) Results:
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Results: Cocktail Ingredients

Inference for Feature Interactions (iLOCO-MP) Results:

le-5

64
54 T -
a4

2

87
2]
44
Q rererrnr e S PR T N LT

o & 2 & & a2 & K
& & W 5 S & &
zo‘° o & ol & Q«"‘ &> & zfs\
z‘)“ Q,bo 'bba & E))r?* & ) 'é?} ,bb‘{\
& & & & & @ & & &
S o R & & & < > §
o @ & & & < < o
@ R < & © fou £ o P
@ & & 2 $ e 3 &
& 5 & < & S & &
& < § & ¥ ¥ & &
& & & & & & & <
v @ & & &
N ) Q
N &
b"(\ &+
< &€

G. I. Allen (Columbia) Inference for ML Interpretations May 23, 2025 22/26



Results: Cocktail Ingredients

Inference for Feature Interactions (iLOCO-MP) Results:

le-5
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Results: Cocktail Ingredients

Inference for Feature Interactions (iLOCO-MP) Results:

&+

Hearn Cocktail Parmenides Neptune's Wrath Grapevyne
KkkhAdr | Kk Kk KRk KA hk kK Kdk KA | hdk K Kdk KA | KKkt
+ lrish whiskey + Cognac (brandy) . Gin + Green grapes (seedless)
« Rosso/sweet vermouth v Chartreuse Green v Absinthe + Vodka
“ Chartreuse Green + Chardonnay wine + Lemon juice + Ambrato vermouth
+ Orinoco bitters + Lemon juice + Sugar syrup (2:1) + Grappa
v Absinthe « Sugar syrup (2:1) « Eggwhite (pasteurised) v Chartreuse Green
« Orange bitters v Absinthe v Chartreuse Green v Absinthe
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Results: Cocktail Ingredients

Inference for Feature Interactions (iLOCO-MP) Results:

Churchillian
dkkokodr [ koo k

 Absinthe
+ Cognac (brandy)

+ Scotch whisky

+ Cynar/carciofo amaro
“ Chartreuse Green

+ Maraschino liqueur

G. I. Allen (Columbia)

St. Patrick's Day Red Thorn
ko fr [ vk ke vty ko fr [ ek ok okt

+ Irish whiskey
v Chartreuse Green

« Green créme de menthe

+ Lime juice

+ Sugar syrup (2:1)
¢ Absinthe v

« Soda (club soda) water v

- Raspberries

Irish whiskey

Dry vermouth

Raspberry syrup

Lemon juice
Chartreuse Green
Absinthe

Inference for ML Interpretations

The Burly French Man
R R 2 8 S+0E & & $:gs

v Absinthe

+ Cognac (brandy)

« Rosso/sweet vermouth
v Chartreuse Green

+ Damson liqueur

« Orange bitters

« Aromatic bitters
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Results: Cocktail Ingredients

Inference for Feature Interactions (iLOCO-MP) Results:

« Gin
\ 4 < Absinthe
+ Lemon juice
« Sugar syrup (2:1)
- - Egg white (pasteurised)

< Chartreuse Green

Neptune’s Wrath
Ak A Akl Ak Ak kW
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Results: Cocktail Ingredients

Inference for Feature Interactions (iLOCO-MP) Results:

le-5

G. I. Allen (Columbia)
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Results: Cocktail Ingredients

Inference for Feature Interactions (iLOCO-MP) Results:

[am— £ j =1
— \)‘a
21st Century (Difford's recipe) Corpse Reviver No.4 Los Pacaminos Margarita Swedish Margarita
ek kdok [ dekokkir ek kdok [ deokokkdr ek kdok [ deokokkir Yok kddr [ deokkdr iy
“ Reposado tequila + Absinthe ¢ Reposado tequila “ Reposado tequila
+ White créme de cacao ¥ Reposado tequila « Blanco tequila + Swedish Punsch
« Aromatized wine « Aromatized wine + Mezcal « Lime juice
+ Blanc quinquina/kina + Triple sec + Triple sec “ Lemon juice
“ Lemon juice “ Lemon juice + Corn/maize liqueur

« Sugar syrup (2:1) « Mexican corn whisky
+ Lime juice
“ Lemon juice
« Agave syrup
« Margarita Bitters
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Results: Cocktail Ingredients

Inference for Feature Interactions (iLOCO-MP) Results:

[ —err

(t

s

Dried Meadow Flower
ek ok dr [ ke ko Ty

Acapulco No.2
ek ok dr [ ke ke ok Ty

Tequila Basil Lemonade
edekok Ar [ ke ke ok Ty

“ Reposado tequila “ Reposado tequila “ Reposado tequila

+ Strega liqueur + Basil leaves + Elderflower liqueur

“ Lemonjuice - Sugar syrup (2:1) + Gentian liqueur

« Eggwhite (pasteurised)

“ Lemon juice

« Soda (club soda) water

“ Lemon juice

« Soda (club soda) water
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Sunny Disposition Highball
gk ok fr [k ke iy

“ Reposado tequila
« Apricot liqueur

« Gentian liqueur
“ Lemon juice

« Bitter lemon tonic
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Summary

Summary
@ Uncertainty quantification for ML interpretations is critical.
Interpreting features.

@ Minipatch LOCO inference for feature importance.

Model-agnostic, distribution-free, & assumption-light.
Avoids data-splitting.

Inference on £().

Theoretical contributions might be of independent interest.

@ Minipatch ensembles give free algorithmic stability!

@ iLOCO for feature interaction importance.

Fast & powerful metric.
Inference via minipatches.

@ Tons of future statistical work on inference for interpretable ML!

v
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Thank You!
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