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Identifying Causal Effects from Observation Data

Causal graph: paths indicate causation
Have observation data p(X,Y, Z)

Mool
p(x12) (X b p(Y|X)

Want the Causal Effect of Xon Y
Not equal to E[Y|X = 1] — E[Y|X = 0]

o Confounding b.t. X and Y through U

Instead, want 7 := f4,(1) — Hdo(0) from

p( _’( U: Hdo(z) = Y|d0 $)]

x=e (X) % p(Y|do(X = z))

Do-calculus: transforms do-expressions

e Transform into expressions learnable from
observational data

e  Multiple formulas may exist

@H 2
@“@%@

Formula 1: Adjustment Criterion using Z,
,U'do(:r) — E[E[Y|X =, Zl”
Formula 2: Frontdoor Criterion using Z,

Hdo(a ZP Zy = 2| X = x) ZP =)o (Za = 2)

Requnres nuisance function estlmatlon!
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Identifying Causal Effects from Observation Data

Have observation data p( XY, Z) Do-calculus: transforms do-expressions
p(Z)
e Transform into expressions learnable from
@ observational data

/ \ e  Multiple formulas may exist
p012) (X f——(¥) »vix. 2 ()
Want the Causal Effect of X on Y / \
Not equal to E[Y|X = 1] [Y|X = 0]

N O—@—@
o Correlationsb.t.Zand X, Zand Y

Instead, want T := fao(1) — fido(0) Formula 1: Adjustment Criterion using Z,

from p(2) fdo(z) = E[E[Y|X =z, Z1]]

Formula 2: Frontdoor Criterion using Z,
Hdo(z) *= E[Y|dO(X = {17)]

Hdo(a ZP Zy = 2| X = x) ZP =)o (Za = 2)

0 @—>@ p(Y|d0( X = 3;)7 7 ) Requnres nuisance function estlmatlon!

O



Estimation with nuisance functions and the AIPW estimator

For estimators using the back-door, the Augmented Inverse Propensity Weight estimator is optimal

D) = Eo | (5755 O = in(@) + (@) = (755 ~ (@) + in(2))

e Need to estimate nuisance functions 11 = (e(+), iz (+))

o The propensity score €(2) = P(X = 1|Z = 2)

o The conditional response [1;(2) = E|Y | X =, Z = 2]
®  Generally estimate 7) on the first fold of data, then estimate 7 € {7 : E,[¢p(W, 7, )] = 0}
e Worry:aslow O (n""/*) estimation rate of ) forces a “slow” rate for 7

® Double/Debiased machine Iearnipg [Chernozhukov, et al. 2018] shows that we can
recover fast O <n*1/2> rates for 7 under Neyman orthogonality
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Selecting an Estimator

e Over-identified: have estimators 7 € {71, ..., 7k } each estlmator

o is asymptotically linear: v/n(7(D,) — 1) de)k Wi, Mk, 0,7’0) +o0,(1)
::IF

o needs covariates Z; with cost of collection ¢y,

o has influence function ¢, and nuisance function 7
e Asymptotic variance o} = E[¢7 (W, 010, 70)]
O  Such estimators exist for any identification formula [Jung, Tian, Bareinboim 2021]
® Can assume an uncentered influence function, ¢x(W, n.0,70) = Yi(W, nk0) — 7o
® Goal: identify the best estimator k" = arg min o, to use for a large, observational study
O e.g.choose lab tests/sensors/survey questions

O  Trade-off cost with statistical efficiency
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Sequential Decision Problem Bandit Model

e Investigator allowed to dynamically sample data s/

o Can update what covariates are observed \ /
e Model as a best-arm-identification bandit . .
problem
Experimental Protocol
o Each estimator is an arm Given: Estimators 71. ..., TK,
costs ¢1,...¢cx,€> 0,0 >0
o Target: asymptotic variance, not mean fort=1.2... .-do

Choose k; € [K]|

Obtain observation w;_

Choose whether to stop sampling
end

Return: (¢, §)-PAC index £ s.t.
IP( - ;’ > mingcio; +c) <4
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Estimating the Asymptotic Variance

e  Our goal: estimate o} = E[(¢r(W,n) — 7)?], derive a finite-sample confidence set
e Our estimator; for dataD,,(inspired by [Chernozhukov et al, 2016])

o  Randomly split D, into two folds, D!, D

o  Fit the nuisance function 7.(D))

o Fit 62 with an empirical variance: 67(D,,) = Varps [1(W, 01 (D}))]

O Do not have Neyman orthogonality
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Confidence Sequence for the Asymptotic Variance

Theorem 1. Let o > 0. Assume that 1) is L-Lipschitz, and let T be an upper bound on |1|. Let
D, C Dy C ... be a sequence of datasets with D,, = D]l U D; . Assume:

1. P(Vn>1: |IEDg [WW(W,n0)] — E[p(W, 7}0)]| < up p>t—at3s ) (n—l/Q)
2: P (V'n, Z1: |ED3 [V (W, m0)]? — E[b(W, 7]0)]2l < ufl}w} +—ef3and O (n_1/2)
3. P(¥n>1: [A(D}) — moll < ull)et—ort3 O (n='")

52(Dy) — 02| < 2Lk O(nY?) ) >1-a

S (n1/2)

Corollary 1. Let o € (0, 1) and assume the same setting as Theorem 1, and additionally that (W, n)
is A sub-Gaussian. Then, with a certain choice of parameters, the confidence sequence of Lemma 4
guarantees that, for \' = AV 82, any m > 0 and for any n. > (91X (log(N'n/m) + log(1/a))) Vv

(m/X),

thenP (Vn > 1:

: A1 A'n 2
n>1:|6%(Dy) — 02| > 2L%(ul)? o (slog (== ) +log=) | <. &)
P(|3n>1:|6%Dn)—o®| > 2L*(ul)* + (3 + 67)4/ - (2 log( ) + log a') <« b
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Bandit Algorithm 1: LUCB £

Algorithm 1 CS-LUCB I—f } | I}.r 1 _—{I 1 |

Inpute >0, >0,A, >1,7>0 = <~ =
{0k, e, wny e = k€ [KT}
for k=1,..., K do

Obtain A, new samples D fl—.’). U,z 1
Add half of D to D}/ and half to Dy ' -

67@7616 — CSUpdate(ukvﬁkvwk:La%aDZ7,DZ) t>S

t;s t;7 t¢e

end

o Zt::’;féﬁig:e[mck&z 111 __T III II:{ I:{I

Ut — arg ming, Ck (6,% — Br) I
if ¢i, (67 + Bi,) < cu, (65, — Bu,) — € then

Return k = [,
end
for k € u,l; do

Obtain A,, new samples D

Add half of D to D} and half to D,

6-137 /8k — CSUpdate(ukv ’f]kv ¢k7 L7 7-7 D[Z) Dg)
end

e
I

|
H
4

end
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Bandit Algorithm 2: Successive Elimination

Algorithm 2 CS-SE

Imputd >0,e >0, A, >1,7>0
{Wk, Ny ks iy k€ (K]}
S« [K].D",Df «+ 0 Vk € [K]
while | S| > 1 do
for £k € S do
Obtain A,, new samples D
Add half of Dg* to D} and half to D

end
k* < arg mingescp6;

S+ S\R
if B, < 5 forall k € § then
S argminkegckéi

end
end

Return k = S

t=2

6%, B < CSUpdate(ug, ik, ¥x, L, 7, D}, DY)

R« {k €S :cp (67 + Br+) < ci(6r — Br)}

S= 41,2}

LES ) S={1,2,3%
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Bandit Algorithms: Sample complexity Upper Bound

Theorem 3. Assume that the conditions of Theorem 1 hold and that uz’n — 0 for 6 €
{n, (¥, 1), (¢, 2)}. Then both CS-LUCB and CS-SE return an (¢, ))-PAC estimator.

If we have a deterministic upper bound By (n,¢) with, for all 6 > 0, P(Bx(n) < Bk(n,d)) >
1 — 6, then the number of samples required for either algorithm to terminate in at most
D _ke[k] Min {n:By(n,§/K) < % V 5} samples.

If, additionally, there exists constants v, v, and vy such that uzyn < O(n~" log (nK/d)) for all
0 c{n, (¢¥,1),(v,2)} and all k € [K], the sample complexity is

K o K 1/v
(o))

k=1

where v = min{2vy,, vy, 1, vy 2 } with probability at least 1 — §. In particular, we recover the sample
complexity results (up to log factors) of [16, 4] under the mild condition of v,, > 1/4.
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Experiments
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e There are 2V estimators for adjustment criteria
e There is an estimator using the frontdoor criterion with Z, |
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Non-Linear Experiments

° fm, m, h,, are sampled from a Gaussian process
prior
e Noise is Gaussian

x 106

— CS-SE
- (CS-LUCB

= uniform

Number of Formulas
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