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¥ How well does the data analysis work? Evaluation
concerns: accuracy, compute time, & user time
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¥ Cross validation seems to work well, is model agnostic, but
can be expensive (multiple analysis runs)
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¥ How well does the data analysis work? Evaluation
concerns: accuracy, compute time, & user time

¥ Cross validation seems to work well, is model agnostic, but
can be expensive (multiple analysis runs)

¥ Can approximate CV: Taylor expand + reduce dimension
¥ We show: Is fast, automatic , and provably high-quality
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¥ How well does the data analysis work? Evaluation
concerns: accuracy, compute time, & user time

¥ Cross validation seems to work well, is model agnostic, but
can be expensive (multiple analysis runs)

¥ Can approximate general resampling/reweighting
¥ We show: Is fast, automatic , and provably high-quality

[https://stanfordmligroup.github.io/projects/chexnet/, https://www.ibmbigdatahub.com/blog/cyber-security-powered-ai-and-
machine-learning, https://www.fairwinds.org/inside-fairwinds/fraud-protection-center/report-fraud.html]
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Roadmap

¥ Cross validation (CV) setup
¥ CV Challenge #1: an expensive data analysis

¥ Solution #1: a Taylor series approximation
(OSwiss Army inPnitesimal jackknifeO)

¥ CV Challenge #2: high dimensions

¥ Solution #2: using sparsity (carefully)
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Cross validation setup
1 "

¥ A data analysis: Q(w) := argmin o Wafa(1)+
! -

¥ E.g. max likelihood, min loss, M-estimation

¥ Original problem: w=1y =(1,...,1,1,1,...1)
P T T T -1

0

W1 W2 W3 E WN

¥ Cross validation (CV): w=(1,...,1,0,1,...,1)
- - - - mmmmmmmm——- - 1

E — O
W1 W2 W3 wN

¥ CV user time cost. easy to use

"R()

¥ CV compute time cost. many x (cost of 1 data analysis)
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Swiss Army |J: Easy to use

¥ In Python:
¥ autograd for autodiff https://github.com/HIPS/autograd

¥ vittles for sensitivity  https://github.com/rgiordan/vittles

Import autograd.numpy as np
Import vittles

def objective_fun(theta, w):
# Your objective here

# optimizeE
theta opt = optimize(lambda theta: objective fun(theta,
W_ones))

predictor =
vittles.HyperparameterSensitivityLinearApproximation(
objective fun, theta_opt, w_ones)

theta |J = predictor.predict_opt_par_from_hyper par(w_new)
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Theory assumptions (no term-wise

bounded gradients) LN
¥ Exact CV round: Q(w) := argmin = Wafa (D) + "R(!)
¥ Consider: . o n=1
1
fa(t)= S(xn ! )7
INNOER S
max X, ! " #
n! 1:N
(not bounded)
o = X ==
~ 2 (=0 =1 | :

n=1(is bounded)

¥ Our assumption: bounded sample variances of

, gradients and Hessians
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