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Robust and Fast Stochastic Gradient Decent with Model Building

Algorithm 1: SMB: Stochastic Model Building
1 Input: 2, €R™, f1,g1 € R, stepsizes {on}Ly, >0

hine Learning

3
4| wh=actsg fi= Sk 6 ot = 9(zh6);
5 | i f{ < fi—c-axllgil® then

o | ok =af, fenr = fh g =gt s

-

s

o

else
for each parameter group p do
L Yep = Ghp — Ghs

S, p()9.p + Cy p(6)p + Cap(8)s},, as defined in (4);

n Th1 = Ty + 8k, Where sk = (k,ps, -+, 5k,p,) and 7 is the number of parameter groups;
» Fer = Fonsn, 60, 9ks1 = 9@, 605
I Data Privacy in Bid-Price Control for Network Revenue Management
= 4,,_§ —

tion and Applications. You can acc

Discovering Classification Rules for NS ——
Interpretable Learning with Linear Programming | <hamsi-mf: HAMS! for matrix factorization
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@he Washington Post

Democracy Dies in Darkness

‘Creative ... motivating’ and fired

By Bill Turque
March 6, 2012

Why Are We Using Black Box Models in

Al When We Don’t Need To? A Lesson
From An Explainable Al Competition

by Cynthia Rudin and Joanna Radin

Published on Nov 22, 2019

/)CGAP

Algorlthm Bias in Credit Scoring: What'’s Inside
the Black Box? ~

By Maria Fernandez Vidal, Jacobo Menajovsky
The responsible use of algorithms
requires providers to know which

variables are being considered in
their credit scoring models and how
they are affecting people’s scores.
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XGBoost model predicted an acceptance probability of 77.0%

Local explanation for Accepted
conStep <= 1.00 _
PartnerIDPoolLeader=100014 _
IncidentCause=Collision vehicle _
]
=

PoolName=

CatalogueValue <= 15241.00

-0.2 -0.1 0.0 0.1 0.2

Figure 23: FP - LIME by Default (5 Features)
[Local Pred. = 0.58, Intercept = 0.42, R? = 0.28, RMSE = 0.26, Time = 4.67 s

el

conStep <= 1.00
mse = 0.095
samples = 5000
value = 0.615

FEV

\T‘me

IncidentCause=Collision vehicle
mse = 0.08
samples = 3717
value = 0.684

IncidentCause=Collision vehicle
mse = 0.088
samples = 1283
value = 0.422

L e

PartnerIDPoolLeader=100014

ParterIDPoolLeader=100014

PartmerIDPoolLeader=100014

MainInsuranceName=[hidden]

mse = 0.085 mse = 0.047 mse = 0.071 mse = 0.059
samples = 2623 samples = 1094 samples = 922 samples = 361
value = 0.632 value = 0.803 value = 0.331 value = 0.649
P /o N\ /N N\
mse = 0.074 mse = 0.081 mse = 0.053 mse = 0.045 mse = 0.046 mse = 0.071 mse = 0.064 mse = 0.026
samples = 167 samples = 2456 samples = 74 samples = 1020 samples = 66 samples = 856 samples = 302 samples = 59
value = 0.353 value = 0.651 value = 0.693 value = 0.811 value =0.179 value = 0.342 value = 0.633 value =0.727

Figure 24: FP - LIME Decision Tree (3 Layers)

[Local Pred. = 0.73, R? = 0.28, RMSE = 0.26, Time = 2.15 s]
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Figure 1: GAM plot of the effect of a feature log(total assets) on the prediction of bankruptey
for a data set of Polish firms. There is quite some variance in the relation, but overall higher
assets clearly decrease the bankruptey risk as would be expected.
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Figure 2: The scoring system for mushroom edibility produced by SLIM as displayed in

PREDICT MUSHROOM IS POISONOUS IF SCORE > 3
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Table 9: Average scores of survey respondents on model specific questions as well as correspond-
ing standard deviations (SD). Highest scores in bold.

Famiharity Test Understanding Stakeholders Practical Value
(1-3) SD % Correct (1-7) SD (1-7) SD (1-7) SD
Logit ~ 3.00 0.00 W a2t - 125 4.57 1.50 5.36 0.93
SLIM 1.36 0.63 64 5.79 1.53 5.71 1.49 486 1.75
EBM 1.79 0.70 86 4.64 1.55 443 1.79 207 1.21
V SHAP 2.36 0.63 71 543 1.09 500 1.24 5.86 0.77
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https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

InterpretML: A Unified Framework for Machine Learning

Interpretability
Harsha Nori HANORIQMICROSOFT.COM
Samuel Jenkins SAJENKIN@MICROSOFT.COM
Paul Koch PAULKOCH@QMICROSOFT.COM
Rich Caruana RCARUANA@MICROSOFT.COM

Microsoft Corporation
1 Microsoft Way
Redmond, WA 98052, USA

wm InterpretML

Understand Models.
Build Responsibly.

A toolkit to help understand models and enable responsible machine learning

Supported Techniques

Interpretability Technique
Explainable Boosting
Decision Tree

Decision Rule List
Linear/Logistic Regression
SHAP Kernel Explainer
SHAP Tree Explainer

LIME

Morris Sensitivity Analysis

Partial Dependence

Type
glassbox model
glassbox model
glassbox model
glassbox model
blackbox explainer
blackbox explainer
blackbox explainer
blackbox explainer

blackbox explainer

Examples
Notebooks
Notebooks
Coming Soon
Notebooks
Notebooks
Coming Soon
Notebooks
Notebooks

Notebooks
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Table 12 Comparison of CART and OCT-H across a range of depths, showing the number of datasets for
which each method had the highest out-of-sample accuracy, and the mean improvement in out-of-sample
accuracy when using OCT-H across all datasets along with the p value indicating the statistical significance
of this difference

Max. depth CART wins OCT-H wins Ties Accuracy p value
improvement (%)

1 3 36 14 512 ~10~16

2 10 32 11 4.88 ~10~14

3 13 31 9 3.59 ~10~12

4

13 29 11 3.12 ~10"!1
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Classification Accuracy of COMPAS Dataset
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priors>3
age<26 Yes
No priors:2-3

juvenile-crimes=0 Yes
oo
Yes No
Figure 4: An optimal decision tree generated by OSDT on the COMPAS dataset. (A = 0.005,
accuracy: 66.90%)
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(NumSatTrades > 23) A (ExtRiskEstimate > 70) A (NetFracRevolvBurden < 63) (4)
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Discovering Classification Rules for
Interpretable Learning with Linear Programming

Hakan Akviiz and S. Ilker Birbil

https://github.com/sibirbil/RuleDiscovery
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https://github.com/sibirbil/RuleDiscovery
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Tahmin Basarilar

Random Forest: 0.84
AdaBoost: 0.95
RUXREF: 0.90
RUXADA: 0.92
RUG: 0.92

Kural Sayilan

Random Forest: 614
AdaBoost: 742
RUXRF: 19
RUXADA: 20
RUG: 24

Rule Weight
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