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Experiments come in many flavors...
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Ridesharing dispatch

b3

=

R
=

x
=

x
=

R

doordash.engineering/2018/02/13/

12:22pm

Est.Pick
12:25 pm

Est.Pickup
12:31pm

12:35 pm

Est.Pick
12:42 pm

1. Dropolt
12:40 pm

Est. Dropot
12:45 pm

Est. Dropof
12:43 pm

<t Dropot
12:55 pm

Est. Dropot
12:58 pm

switchback-tests-and-randomized-experimentation-under-network-effects-at-doordash/ 3


doordash.engineering/2018/02/13/switchback-tests-and-randomized-experimentation-under-network-effects-at-doordash/
doordash.engineering/2018/02/13/switchback-tests-and-randomized-experimentation-under-network-effects-at-doordash/

Pricing experiments
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Ranking experiments

Top Picks for Joshua
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1. A brief tour
- Hash randomization and ramping
- Novelty effects, long-term effects, surrogates
- Variance reduction
- Interference
- Sequential testing

2. Augmented inverse propensity weighting: a really useful technique



Part I: a brief tour through some aspects of
experimentation in tech



Hash randomization and ramping



Hash randomization

- Deterministic map from ID to [0, 1]
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Ramping / staggered entry

- Week 1: 5% canary

- Weeks 2-3: 50% for max power
- Weeks 4-7: 95% holdout
(Just an example)

Proportion of users in treatment




Regression detection

Catch regressions as early as possible

Lindon et al. (2022)
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Novelty effects, long-term effects, surrogates



Novelty effects

- Users react to changes il yrn

- Or, power users enroll sooner

EocewlforkBimes | Gt The Tim.
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- Major source of false positives

Figure 1: Screenshots of treatment with the Mail app button (left), and control with the Out-
look.com button (right) in the msn.com experiment.

Figure 2: The percentage difference in number of clicks on the Mail/Outlook.com button, each day,

between treatment and control in the msn.com experiment.

Sadeghi et al. (2021)
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Learning effects

- Can take months to see long-term
effects

- Can be hard to estimate
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Surrogates: overview

- Surrogates are a popular approach to estimate long-term effects
- Basic idea
- Regress long-term “true north” metric on short-term “surrogate” metrics
- Use the resulting combination of surrogate metrics as an experiment outcome
metric
- Example from Athey et al. (2019):
- Treatment: job training program in California in the 1980s
- Long-term metric: employment rate over nine years
- Surrogate metrics: employment over each of first six quarters

13



Surrogates: example data
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Surrogate estimation

Estimated Treatment Effect on Mean
Employment Rate Over 9 Years (%)

Athey et al. (2019)
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Variance reduction



Covariate adjustment for variance reduction
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Interleaving for ranking experiments

RankerA

- Increase sample size

- Avoid chance imbalance from
“power users”

- Main challenge is position bias
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Interference



Interference

- ldeal experiment:

1. (A) Treat everyone

2. (B) Go back in time and treat no one

3. (C) Compare

- Randomization ensures treated and control groups resemble the full
population

- SUTVA ensures treated and control group outcomes are representative of the
above counterfactuals (A) and (B)

- Interference: treatment for one unit affects outcome for another (violation of
SUTVA)

- Qutcomes in treated (control) group may not be representative of outcomes
if we were to treat everyone (no one)



Examples of interference

- Social network sharing

- Ridesharing marketplaces
- Product marketplaces

- Ad auctions

- Producer-side ranker experiments



Coarse randomization

Randomization unit Bias axis Variance axis
User sessions A
Users

Fine spatial units (geohash)

Time interval (hour)

Coarse spatial units (city) Y

eng.lyft.com/experimentation-in-a-ridesharing-marketplace-b39db027a66e
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Switchback design
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Multiple randomization

- Randomize individual interactions J  (Sellers)
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Bajari et al. (2021)
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Graph clustering

- Assume interference is
limited by a known graph

- Use isolated clusters as
randomization units

- There are many varieties;

illustration shows “ego
clustering”

Saint-Jacques et al. (2019)
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Budget split

Avoids interference due to scarce resources, e.g., in ad marketplaces
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engineering.linkedin.com/blog/2021/budget-split-testing
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Sequential testing



Sequential monitoring of experiment results is problematic.

Click on the button

VARIATIONS VISITORS
Original BASELINE 1,006
Variation #1 999
Variation #2 1,027

CONVERSION RATE

The percentage of visitors who clicked on a tracked element

CONVERSIONS
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An old screenshot from optimizely.com
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One path of p-values from a fair coin
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Let's look at many such paths... .



With no bias, we only rarely conclude the coin is biased.

Fixed-sample p-value

500

Number of flips

Just one out of 25 p-values is below 0.05. .



Continuous monitoring of fixed-sample p-values inflates the false positive rate.
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The false positive rate grows arbitrarily large with enough flips.
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Solutions for sequential monitoring

Solution is basically to make p-value larger / confidence intervals wider.
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Solutions for sequential monitoring

Solution is basically to make p-value larger / confidence intervals wider.

Two main appraoches:

- Confidence sequences / always-valid inference: allow peeking as frequently
as desired (more flexible)

- Group sequential tests: allow peeking on a predetermined schedule (e.g.,
once a week) (more powerful)
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So many more topics...

- Relative lift and ratio metrics

- Quantile treatment effects

- Heterogeneous treatment effects

- Offline evaluation and policy optimization
- Multiple testing

- Sequential allocation and optimization

- A/A tests and sample ratio mismatch

- Data engineering

31



Questions?

32



Part II: the Zen of Augmented Inverse Propensity Weighting



Some common analyses of randomized experiments

- Estimate average treatment effect / absolute lift

- Estimate relative lift

- Estimate a model for heterogeneous treatment effects

- Estimate the value of a personalized policy (and perhaps optimize such a
policy)

- Estimate quantile treatment effects

We want to do all these things efficiently, making use of covariates to reducing
variance.

33



Some common analyses of randomized experiments

- Estimate average treatment effect / absolute lift

- Estimate relative lift

- Estimate a model for heterogeneous treatment effects

- Estimate the value of a personalized policy (and perhaps optimize such a
policy)

- Estimate quantile treatment effects

We want to do all these things efficiently, making use of covariates to reducing
variance.

Augmented inverse propensity weighting (AIPW) provides a unified approach to
solving all of these.
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Setup: two-armed experiment with potential outcomes

- We run an experiment with two arms, treatment and control.
- Each units (e.g,, user) is represented by a quadruple (X;, W;, Y;(0), Yi(1))
- X;: covariates measured before treatment (e.g., pre-experiment weekly sessions)
- W; € 0,1: treatment indicator (e.g., send new notifications)
- ¥;(0), Yi(1): potential outcomes under control and treatment, respectively (e.g.,
weekRly sessions if assigned to control or treatment)

- We observe either Y;(0) or Y;(1), not both: our observed sample consists of
(Xi, Wi, Yi(W)))
- We make the usual SUTVA / no-interference assumption.

- We assign W; by i.i.d. coin flips with P(W; = 1) = p.

34



Example potential outcomes table

Full table (unobserved):

Observed table:

X W vi(0) (1)

Xi Wi Yi(0) Yi(1)
Unitl 6 1 5 8
Unit2 2 0 2 0
Unit3 3 1 4 4

unitl 6 1 7 8
Unit2 2 0 2 ?
unitd3 3 1 7 4

35



The estimands and some (inefficient) estimators

Estimand Definition Naive estimator

ATE / Absolute lift  E[Y(1) — Y(0)] En[Yi| Wi = 1] — Eq [Y;| W; = 0]

36



The estimands and some (inefficient) estimators

Estimand

Definition

Naive estimator

ATE / Absolute lift

Relative lift

E[v(1) - v(0)]
E[Y(1)]

E[v(0)]

En [Yi| Wi =1 = En[Y;| W; = 0]

En[Y; [ W;=1]
En[Y; | W;=0]
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The estimands and some (inefficient) estimators

Estimand

Definition

Naive estimator

ATE / Absolute lift
Relative lift

Policy value

E[v(1) - v(0)]
E[Y(1)]

E[Y(0)]
V(m) = E[Y(m(X))]

En [Yi| Wi =1 = En[Y;| W; = 0]

En[Y; [ W;=1]
En[Y; | W;=0]

V(w) =E, [LWFW(X,)Y‘ }

P(W;=n(X;))
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The estimands and some (inefficient) estimators

Estimand Definition Naive estimator
ATE / Absolute Lift E[Y(1) — Y(0)] B, [Y;| W, = 1] — En[Y;| W, = O]
Relative lift % 7]%:[[& |‘ m:;]]
Policy value V() =E[Y(x(X))]  V(r) =E, [W%}
CATE(x) E[Y(1) =Y(0)| X=x] Yi(1) ~ m(X) | W;="1

Yi(0) ~ po(Xi) [ Wi =0
CATE(X) = fun(x) — fio(X)
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The AIPW “imputation principle”

1. Regress Yi(1) on X; among units with W; = 1 to get fi1(x).
2. Regress Yj(0) on X; among units with W; = 0 to get fig(x).

3. For each uniti compute “pseudo-outcomes”

ri(0) = o) + T—" (¥~ a(X))
i) = i) + 2 (= ()

(In practice, need to use cross-fitting. Also a good idea to use empirical
propensity.)
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The AIPW “imputation principle”

1. Regress Yi(1) on X; among units with W; = 1 to get fi1(x).
2. Regress Yj(0) on X; among units with W; = 0 to get fig(x).

3. For each uniti compute “pseudo-outcomes”

ri(0) = o) + T—" (¥~ a(X))
i) = i) + 2 (= ()

(In practice, need to use cross-fitting. Also a good idea to use empirical
propensity.)

Then treat I';(0), I';(1) as if they were observed potential outcomes.

37



Why does this make sense?

Suppose only W; is random (not X;, Y;(0), Y;(1)), and treat fio, i1 as fixed. Then

Eri(1) = E [m 06)+ 50— (x,-»] ("
— (%) +E M(n(w) b (x»)] @)
= ) + = (1) = () ()
= Yi(1). (4)
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Why does this make sense?

Suppose only W; is random (not X;, Y;(0), Y;(1)), and treat fio, i1 as fixed. Then

() =& [mn(X) + 200 - 1) Q0
= () + B | 2 00) = i) @
= ) + = (1) = () )
= Yi(1). (4)

Meanwhile,
Varri(1) = =P (v (1) — o)) )

p

38



Imputed potential outcomes table

Full table (unobserved):

Imputed table:

Xi W T(0) Ti(7)

Xi Wi Yi(0) Yi(1)
Unitl 6 1 5 8
Unit2 2 0 2 0
Unit3 3 1 4 4

Unitl 6 1 6 10
Unit2 2 0 2 2
unit3 3 1 3 5

39



Efficient AIPW estimators

Estimand Definition AIPW estimator

ATE / Absolute lift  E[Y(1) — Y(0)] E, [[:(1) — [(0)]
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Efficient AIPW estimators

Estimand Definition AIPW estimator

ATE / Absolute lift E[Y(1) — Y(0)] En [I;(1) = Fi(0)]
T E[Y(1)] En[(1)]
Relative lift EV0)] ER))

40



Efficient AIPW estimators

Estimand

Definition

AIPW estimator

ATE / Absolute lift
Relative lift

Policy value

E[v(1) = Y(0)]

En [[(1) — T(0)]

En[[(1)]
En[l(0)]

V() = En [Ti(x(X))]

40



Efficient AIPW estimators

Estimand

Defi

nition

AIPW estimator

ATE / Absolute lift
Relative lift
Policy value

CATE()

E[v(1) = Y(0)]

V(m) = E[Y(x(X))]

(MW =Y(0) | X=x

En [[(1) — T(0)]

En[[(1)]
En[l(0)]

V() = En [Ti(x(X))]
Regress I';(1) — I;(0) on X;

40



Attractive properties of AIPW

- Unbiased / consistent no matter what outcome model you use

41



Attractive properties of AIPW

- Unbiased / consistent no matter what outcome model you use
- Lowest possible variance if the outcome model is good
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Attractive properties of AIPW

- Unbiased / consistent no matter what outcome model you use
- Lowest possible variance if the outcome model is good
- Can estimate variance ignoring randomness of the outcome model. For

example:

1
ATE = 3 2161 = T 0)]

n

. 1 12
Var(ATE) = — [r,m) —1,(0) — ATE| .
=1

(The story is more complicated for CATE estimation.)
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Attractive properties of AIPW

- Unbiased / consistent no matter what outcome model you use
- Lowest possible variance if the outcome model is good
- Can estimate variance ignoring randomness of the outcome model. For

example:

1
ATE = 3 2161 = T 0)]

n

. 1 12
Var(ATE) = — [r,m) —1,(0) — ATE| .
=1

(The story is more complicated for CATE estimation.)

Generalizes to non-constant propensity score: replace p with
e(x):P(VV,—:HX,—:X). i



AIPW for policy optimization

Recall AIPW estimate of the value of a personalized policy =

~

V() = En [[i(7(X;))] -
Can treat this as an “empirical welfare” objective and optimize over =.
Reduces to cost-sensitive multiclass classification.
In the binary treatment case, this is weighted binary classification:

Label: 1F,-(1)>F,v(0)
Weight:  |I;(1) — T;(0)]

42



Further reading on AIPW

- Robins et al. (1994) is generally cited as the origin of AIPW

- Chernozhukov et al. (2016) did a lot to popularize the use of cross-fitting
together with AIPW-style estimators

- Jin and Ba (2021) focus on the variance reduction in randomized experiments,
"ratio metrics” such as click-through rates

- Dudik et al. (2011) is a great source on policy evaluation with AIPW
- Kennedy (2023) analyzes the "DR-learner” for CATE estimation

- Angelopoulos et al. (2023) discusses variance reduction for M-estimators
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Questions?

stevea@stevehoward.org
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Bonus: quantiles

Suppose we want to estimate the m-quantile of treatment outcomes Y(1).
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Bonus: quantiles

Suppose we want to estimate the m-quantile of treatment outcomes Y(1).

This is defined by the population estimating equation
B = E |1 —
9 so{gve [y(y<o — 7]

and ordinarily our (M-)estimator would be the sample quantile

R 1<
0 = solve — 1y —
oo n ; vi(n<e — T,

but Y;(1) is missing for units with A; = 0. So apply AIPW to the estimating
equation itself:

A 1 <& A
Onpw = solve — > - [mx,-)se + 5’ (V<o = Tmeo)<e) | -
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