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* Better computation = increasingly complex and
expensive data analysis in life-changing application areas

[https://stanfordmigroup.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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* How well does the data analysis work? Evaluation
concerns: accuracy, compute time, & user time

[https://stanfordmigroup.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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* 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)

[https://stanfordmigroup.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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* 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

[https://stanfordmigroup.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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* 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
 We show: is fast, automatic, and provably high-quality

[https://stanfordmigroup.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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expenswe data analysis in life- Changmg application areas

Hovv well does the data analysis work? Evaluatlon
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/reweignting
* We show: is fast, automatic, and provably high-quality

[https://stanfordmigroup.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

o Solution #1: a Taylor series approximation
(“Swiss Army infinitesimal jackknife”)

» CV Challenge #2: high dimensions

o Solution #2: using sparsity (carefully)
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Cross validation setup

» Adataanalysis: f(w):=argmin— > wy, fn(0) + AR
(w) sm NZ fn (0 (0)

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

* Original problem: w=1y=(1,...,1,1,1,...1)

w1 W92 W3y = ’LUNO
* Cross validation (CV): w=(1,...,1,0,1,...,1)
... -
— 0
w1 Wo Wg = wWN

o CV user time cost: easy to use

 CV compute time cost: many x (cost of 1 data analysis)
3
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* Other linear approximations

* \WWhat about higher orders”? See our latest on arXiv
[Giordano, Stephenson, Liu, Jordan, Broderick 2019; Giordano, Broderick, Jordan 2018;
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4 Obuchi, Kabashima 2016, 2018; Koh & Liang 2017; Beirami et al 2017; Rad & Maleki 2018; Wang et al 2018]
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A “Swiss Army infinitesimal jackknife”
 Exact CVround: 6(w) —argmm—anfn ) + AR(0)

oco N

* |dea: (first-order) Taylor expansion around w =1y

é[](w) .= é(lN) |

dO(w)
dw? (

wle

—0(1n) — HAN)'G(AN)(w — 1y)

w—lN)

Our contributions:

5
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Practica

automatic differentiation wrappers
theory assumptions (vs. e.g. term-wise

bounded gradients)
* Finite-sample theoretical bounds on quality

[Giordano, Stephenson, Liu, Jordan, Broderick 2019; Baydin et al 2018]
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Swiss Army |J: Easy to use

e |n Python:
* autograd for autodift 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

# optimize..
theta opt = optimize(lambda theta: objective fun(theta,
w_ones))

predictor =
vittles.HyperparameterSensitivityLinearApproximation (
objective fun, theta opt, w ones)

theta IJ = predictor.predict opt par from hyper par(w new)
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Theory assumptions (no term-wise

bounded gradients)
 Exact CVround: 6(w) := argmm— Z Wy frn(0) + AR(0)

* Consider: N 7eo
1
fn(0) = §($n — 9)2

Vofn(0) =2, —0

max |z, — 0| — oo

nel:N

(not bounded)
{mm | X

(

-

1 N
N 2 (@n
n=1(js bounded)

* Our assumption: bounded sample variances of
gradients and Hessians



More theory assumphons

e Exact CV round: éw — ar mm— W frn(0) + AR(
(w) := argmin Z fn(6 (6)



More theory assumphons

e Exact CVround: @(w) := ar mm— W frn(0) + AR(
(w) := argmin Z fn(6 (6)

Differentiability



More theory assumphons

e Exact CVround: @(w) := ar mm— W frn(0) + AR(
(w) := argmin Z fn(6 (6)

Ditferentiability x Convexity J




More theory assumphons
e Exact CV round: é(w —argmm—anfn ) + AR(0)

pco N
| o Convexity
Differentiability X J
Weights not

{00 extreme




More theory assumphons

e Exact CV round:

Differentiability

A

O(w) := argmm— Z W frn(0) + AR(0)

oco N

Weights not
too extreme




More theory assumpnons

e Exact CVround: @(w) := ar mm— W frn(0) + AR(
(w) := argmin Z fn(6 (6)

Weights not
too extreme

Differentiability




Theory condition



Theory condition

e A set complexity Condition

max sup
weWs ¢

v

— 1 v@fn

(0)




Theory condition
e |J approximation:
Ory(w) =0(1n)— H(1n)'G(An)(w — 1x)
e A set complexity Condition

—1V - <9
max sup EZ: o fn(0)|| <




Theory condition
e |J approximation:
Ory(w) =0(1n)— H(1n)'G(An)(w — 1x)
e A set complexity Condition

—1V - <9
max sup EZ: o fn(0)|| <

w—lN

/Vef(e(a))




Theory condition
e |J approximation:
Ory(w) =0(1n)— H(1n)'G(An)(w — 1x)
e A set complexity Condition

—1V - <9
max sup EZ: o fn(0)|| <

w—lN

Vef(e('cf?

Vo f(6')
/ef(Q(b))




Theory condition
e |J approximation:
Ory(w) =0(1n)— H(1n)'G(An)(w — 1x)
e A set complexity Condition'

max su o 1 V <9
weWs Hp EZ: an ) 1 -
* + Analogous assumption on w— 1y

the Hessian terms

Vol OT) / 0f(6@)
Vo f(6™)




Theory condition

e |J approximation:
Ors(w) =0(1n) — H(1n) ' G(1n)(w — 1y)

e A set complexity Condition'

Joges sup Z: Woln0)] =
 + Analogous assumption on t
: w — 1N
the Hessian terms vof (0 o
* Always a non-empty weight 7 1? Vo f(0*)

set for any delta Vo f(0")




Theory condition

e |J approximation:
Ors(w) =0(1n) — H(1n) ' G(1n)(w — 1y)

e A set complexity Condition'

—1V - <9
max sup g o fn(0)|| <

A

* + Analogous assumption on w— 1y
the Hessian terms

Vof(0 a
* Always a non-empty weight 0] 1? Vo f(0'")
set for any delta Vo f(6P)

e CV works via Holder’s

iInequality




Theory condition

e |J approximation:
Ors(w) =0(1n) — H(1n) ' G(1n)(w — 1y)

e A set complexity Condition'

—1V - <9
max sup g o fn(0)|| <

A

* + Analogous assumption on w— 1y
the Hessian terms

Vof(0 a
* Always a non-empty weight 0] 1? Vo f(0'")
set for any delta Vo f(6P)

e CV works via Holder’s

iInequality




Theory condition

e |J approximation:
Ors(w) =0(1n) — H(1n) ' G(1n)(w — 1y)

e A set complexity Condition'

—1V ” <9
max sup g ofn(0)|| <

A

* + Analogous assumption on w— 1y
the Hessian terms

Vof(0 a
* Always a non-empty weight 0] 1? Vo f(0'")
set for any delta Vo f(6P)

e CV works via Holder’s

iInequality




Theory

Theorem: Under our assumptions,

A A

5§ < A= max |6 (w) — e(w)H2 < 052

YE W

Explicit functions of constants from our assumptions

10



Theory

Theorem: Under our assumptions,

A A

5§ < A= max |6 (w) — 9(w)||2 < 052

YE W

Explicit functions of constants from our assumptions
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* [wo-stage analysis: Regress gene expression on B-spline
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basis, then cluster (transformed) fits
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