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Jll Machine decision making in recommenders

a coming user an item reward (e.g., click)

I

é a policy (e.g., contextual bandit)
makes decisions to recommend items,
with the goal of maximizing the (expected) reward

/\
O le
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l The system also produces logged data

FE N, :
a coming user an item reward (e.g., click) o
\ (context x) (action a) (reward r) )

@ * m— { (x . a 8 r . ) }n logged bandit feedback collected
S Ly s ¥ ] l: 1 by a behavior policy m,

xl ~ p(x) ai ~ @(a ‘ xl) Motivation:
We want to evaluate the future

ri ~ p ( r ‘ xl', az) policies using the logged data.

September 2021 Evaluating the Robustness of Off-Policy Evaluation @ RecSys2021



Jll Off-Policy Evaluation (OPE)

In OPE, we aim to evaluate the performance of a new evaluation pollcy T,
using logged bandit feedback collected by the behavior policy ). distribution shift

V(re) = V(ﬂe;DaQ)

hyperparameters of the OPE estimator V

where V(ﬂ'e) = E(x,a,r)wp(x)gk(a|x)p(r|x,a) [r]

expected reward obtained by running on =, the real system
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Jll Off-Policy Evaluation (OPE)

In OPE, we aim to evaluate the performance of a new evaluation pollcy T,
using logged bandit feedback collected by the behavior policy ). distribution shift

V(re) = V(”e;DaQ)

hyperparameters of the OPE estimator V

An accurate OPE is beneficial, because it..
* avoids deploying poor policies without A/B tests
* identifies promising new policies among many candidates

Growing interest in OPE!
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l Inverse Provability Weighting (IPW) [streni+, 2010;

IPW mitigates the distribution shift between m, and m, using importance sampling.

View (7e; D) = Ep[p(x;, a;)ri]

where p(x, a) = Jre(a \ x)/irb(a | x)

En || : empirical average

Unbiased®, but large variance. *when m, is known or accurately estimated
Hyperparameter: i, (when m, is unknown)
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l Doubly Robust (DR) pudik+, 20141

DR tackles the variance of IPW by leveraging baseline estimation g and performing
importance weighting only on its residual.

VR (71e; D, §) = En[Egmr, (alx) [§(xi, @)] + p(xi, ai) (ri — §(xi, ;)]

baseline importance weighting on the residual

where E[r | x,a] ~ q(x, a)

Unbiased® and lower variance than IPW. *when r, is known or accurately estimated
Hyperparameter: i, (when m, is unknown) + g
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ll Pessimistic Shrinkage (IPWps, DRpS) su+, 2020]

IPWps and DRps further reduce the variance by clipping large importance weights.

Vipwps (7e; D, A) := En [min{p(xi, ai), A}ri]

clipped importance weight

VDRps(ﬂe, Z)a qAa A) = En [Ea~7re(a|x) [Q(xl.a a)] + min{p(xia ai)a A}(rl o qA(xia al))]

Lower variance than IPW / DR.
Hyperparameter: 7, (when m, is unknown) (, g) + 1
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l Many estimators with different hyperparameters

OPE Estimators Hyperparameters
Direct Method (DM) q, K
Inverse Probability Weighting with Pessimistic Shrinkage (IPWps) [Strehl+, 2010] [Su+, 2020] A, (7p)
Self-Normalized Inverse Probability Weighting (SNIPW) [Swaminathan & Joachims, 2015] (7p)
Doubly Robust with Pessimistic Shrinkage (DRps) [Dudik+, 2014] [Su+, 2020] q, K, A, (7p)
Self-Normalized Doubly Robust (SNDR) q, K, (7p)
Switch Doubly Robust (Switch-DR) [Wang+, 2017] q, K, 7, (7p)
Doubly Robust with Optimistic Shrinkage (DRos) [Su+, 2020] q, K, A, (71p)

Note: q is an estimator for the mean reward function constructed by an arbitrary machine learning method. K is the number of folds in the
cross-fitting procedure [Narita+, 2021]. 77, is an estimated behavior policy. This is unnecessary when we know the true behavior policy, and thus
it is in parentheses. 7 and A are non-negative hyperparameters for defining the corresponding estimators.

Estimator Selection:
Which OPE estimator (and hyperparameters) should be used in practice?
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Jll What properties are desirable in practice?

« An estimator that works without significant hyperparameter tuning.
.. because hyperparameters may depend on the logged data and evaluation policy,
which might also entail risks for overfitting.

* An estimator that is stably accurate across various evaluation policies.
.. because we need to evaluate various candidate policies to choose from.

* An estimator that shows acceptable errors in the worst case.
.. because uncertainty of estimation is of great interest.

We want to evaluate the estimators’ robustness to the possible changes
in configurations such as hyperparameters and evaluation policies!
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Bl Is conventional evaluation sufficient?

Conventional OPE experiments compare mean-squared-error to evaluate the
performance (estimation accuracy) of OPE estimators.

MSE(V; 7., 0) := Ep [(V(Jr_e) — V(7e; D, 9))2]

\_—"

evaluate only on a single set of configurations

Pitfall: fails to evaluate the estimators’ robustness for configuration changes..
(such as hyperparameters 6 and evaluation policy )
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Bl Towards more informative evaluation for practice

To tackle the issues in conventional experimental procedure, we propose
Interpretable evaluation for offline evaluation (IEOE), which can..

v" evaluate the estimators’ robustness to the possible configuration changes
v" provide a visual interpretation of the distribution of estimation errors

v be easily implemented using our open-source Python software, py/[EOE
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https://github.com/sony/pyIEOE

Bl Interpretable evaluation for offline evaluation (IEOE)

@ set configurations spaces Algorithm 1 Interpretable Evaluation for Offline Evaluation
(hyperparameters 8 and
evaluation policies m,)

Input: logged bandit feedback D, an estimator to be evaluated V, a
candidate set of hyperparameters ©, a set of evaluation policies
I1¢, a hyperparameter sampler ¢ (default: uniform distribution),

(2 for each random seed s, EEE Gl TANADTL eRdsS @
mple confiaurations Output: empirical CDF, Fz, of the squared error (SE)
Samp J 1 Z — 0
2: fors € S do
(® calculate the estimators’ A
4 e «— Unif (Ile; s) @)
squared error on the sampled ] ,
i . 5: D™ « Bootstrap(D;s)
configurations ¢ 2 SE(V; D" 1. 0) — (3)
7 Z —.Z U{z"}
8: end for

%) obtain an error distribution 5 Bstimteiy wsing Z by Ba1) — @)
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Jll Visual comparison of OPE estimators

After gaining squared errors, we approximate cumulative distribution function (CDF).

Cumulative distribution of squared error

Fz(2) = Zﬂ{zl z} (xB(Z<z) = ° w

— {Zla <. Zm} IPW performs better
in the worst case

o o
o) o)

Cumulative probability

_ _ 03 the same performance
We can interpret how the estimators are robust in the best case
across the given configurations. o R R N S S S ——

accurate Squaned error inaccurate
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Bl Quantitative performance measure

Based on the CDF, we can define some summary scores, which are useful for
gquantitative performance comparisons.

* Area under the curve (AU-CDF) compares the estimators’ squared errors
below the thresholda. b B

Zmax
AU-CDF(zmax) := / F7(2)dz /
0

Zmay

« Conditional value-at-risk (CVaR) compares the expected values of the estimators’
squared error in the worst a x 100 % trials. o A

CVaRy(Z) =E[Z | Z > F5 (o)) /

4
>
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Bl Experiments in a real-world application

» We applied IEOE to estimator selection in real e-commerce platform.

 The result demonstrates that SNIPW is stable across various configurations.
(the conclusion may change when we consider different applications)

Cumulative distribution of squared error

1.0- \ OPE Estimators | Mean (typical metric) | AU-CDF CVaR,; Std
>
= 08 DM 8.70 0.946 10.92  35.94
;g IPWps 29.45" 0.648" 31.96"  29.84°
5 0.6 | SNIPW 1.00* 1.000* 1.00°  1.00*
] ipw
2 snipw DRps 8.16 0.953° 10.27  34.54
é 04 o SNDR 7.45° 0.942 9.35°  32.19
r I I
3 os sndr Switch-DR 8.16 0.953° 10.27  34.54
- Z‘:'iot:"'df DRos 8.16 0.953° 10.27 34.54
8:00000 0.00002 0.00004 0.00006 0.00008 0.00010 *The values are normalized by that of SNIPW.

Squared error

The platform now uses SNIPW based on our analysis!
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Thank you for listening!

Find out more (e.g., synthetic and public data experiments) in the full paper!
contact: kiyohara.nh.aa@m.titech.ac.jp
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] Direct Method (DM)

DM estimates mean reward function.

‘}DM(”B; D, q) = Enl Sa~1, (a|x) [g(xi,a)]]

¢

where > [?’ ‘ X, a] ~ (j(x, a) En || : empirical average

Large bias*, small variance. *due to inaccuracy of §
Hyperparameter: g
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Jll Self-Normalization (SNIPW, SNDR) (swaminathan & Joachims, 2015}

SNIPW and SNDR address the variance issue of IPW and DR by using
self-normalized value for importance weights.

Enlp(xi, ai)ri]
Enlp(xi,ai)]

self-normalization

Vantpw (7e; D) ==

p(xi, a;)
En [P(xi, ai)

VsnDR (7Te; D, §) = Bn |Eger, (alx) [4(xi, a)] + ] (ri —q(xi, ai))

Consistent® and lower variance than IPW / DR. *when m, is known or accurately estimated
Hyperparameter: i, (when m, is unknown) (, g)
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l Switch-DR wang+, 2017

Switch-DR interpolates between DM and DR (7 = 0 to DM, T = o to DR).

VswitchDR (Te; D, G, 7) = Bn[Bgmr, (alx) [4(xi, @)1 + p(xi, i) [{p(xi, a;) < T} (ri — G(xi, a;))]

use importance weighting only when the weight is small

Lower variance than DR.
Hyperparameter: 7, (when m,, is unknown), g + 7
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Bl DR with Optimistic Shrinkage (DROS) isu+ 2020

DRos use new weight function to bridge DM and DR (A = 0 to DM, A — oo to DR).

VDROS(”eQ D,q, 1) :=Ey [Ea~7re(a|x) 1G(xi,a)| + p(xi, ais A) (ri — q(xi, ai))]

A
p%(x,a) + A

where  p(x,a; 1) = p(x,a)

weight function to minimize error bounds

Minimize sharp bounds of mean-squared-error.
Hyperparameter: 7, (when m, is unknown), g + 4
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ll Conclusion

» \We studied evaluation of off-policy evaluation (OPE).

« When applying OPE to a real-world problem, we need to identify a robust estimator
that works without significant hyperparameter tuning.

» We develop Interpretable evaluation for offline evaluation (IEOE) to provide fruitful
Insights on the estimators’ robustness.

We believe that IEOE will help practitioners to select a reliable OPE estimator!
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