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Background : Off-Policy Learning Uncertainty-Aware Off-Policy Learning (UIPS)
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Input: A logged dataset D = {(x,,, a,, rxn,an)}ﬁzl
generated by logging policy 5" (a|x).

@ Theoretical Convergence of UIPS
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* Per-sample weight ¢, , : small value when B(alx) is
small and far from S*(a|x).
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> Step 1: Deriving Optimal @5 4 : Vyips(ms) = V(1)
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UIPS converges to a stationary point where the
true policy gradient is zero, while convergence of
policy learning under BIPS is not guaranteed!
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Goal: Learning a policy m(a|x) that maximize

V(m) = Er [rx,a] — E,B* [;*((cjr;)) Tx.a

@ Empirical Results

» Improved performance on both synthetic datasets and
three unbiased recommendation datasets.
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Inverse Propensity Score (IPS) Yahoo Coat KuaiRec
1 N n(a,|x,) Alritm | P@S  R@5  NDCG@S | P@5  R@S  NDCG@S | Pe0  ReS)  NDCG@SD
% (1) = — nien/ o CE [ 0281922 075%z6c" 060737 | 0219925 046181 04597 | 0880022 002408 088106
IPS N IB*( a ‘X ) Xn,An Minimize the upper bound of Mean Square Error BIPS-Cap | 0.2808+2* 0.757645¢*  0.6099+8¢* | 0.2758+6¢* 045827 0.4399+0¢ | 0.875043¢* 0023876 0.87885¢°
n=1 nl+n ~ . MinVar | 0284344 0768521 06168216 | 02813556 0466820 0.441dsse™ | 0882721 0024025 08886
(MSE) of Vi ps(ry) to its ground-truth V(my) = Per- stableVar | 0278752 0749947 059197 | 0284023 0466225 043937 | 0857 00231226 0857024
Approximation when * is unknown - BIPS sample optimization: Shrinkage | 084325 076548 062027 | 0279023 046364 044641e | 087443 00238206 0877126
. . . I " 9 : dbvi ' , SNIPS | 022224 05828416 04357212 | 026437 04287216 0.4009490¢™ | 0841126 0.022822¢" 0843 16e”
In practice, f"is usually unknown and approximated by its ,B*(a\x) T (a\x)z BanditNet | 024138 06442422 0498822 | 0278128 04527212 0425121e2 | 0875825 00239224 088104
estimate lé min /’l _ ¢ —1 | }\9 ¢2 POEM | 0273243 0.7357+1e* 0.5880+1¢7 | 02791+4¢7* 0.4566+6¢° 0.437546¢* | 0.7785+1¢7 002102 0.7779+6¢
b o ,B(a\x) X,a ,B(a\x)z x,a POXM | 022505 05940¢1e 0454207 | 02663266 0430820 040061e | 08962416 0024524 09Ml21e”
. 1 N n(an xn) ’ Adaptive | 0276243 0.745149¢*  0.5919+8¢* | 0283043 0463d+5¢* 04217456 | 0.837541e* 0.022724¢™" 0.8460+1¢
I/ () = — _ T ApproxKNN | 0269722 0720555 0576026 | 02755226 045945 04490zt | 0883922 002405 0889522
BIPS N n=1 ,B(a X ) n.An PS-CTS | 0281622 075825 0611425 | 0279923 046257 0.4462x6¢ | 08781236 002391 087493
. 5 || Direct optimization is infeasible due to the unknown SO, |00 L0t L0 |00 DGt Ll | e 00T 0
o o o o o - . Je e\, e | U e U 9™ U 9e™" | U, e U e V.00 /+Te™
BIPS suffers high bias and variance with inaccurate 8 B*(a]x), but uncertainty estimation provides its UPS | 0286822 07M250 06205 | 02870 04152500 0457655 | 091201 002805 09174,
. confidence interval 5" (alx) € B, : prie | &7 7  w | % & W | & W
Theoretically, inaccurate and small S (a|x) = high bias 8 , (a2 > More accurate Off-policy Evaluation
and variance of Vg;ps. min max A{—<—¢. . —1) 1 TTylajx b2
However smaller IB"( a\x) > more likely to be inaccurate b q ,Bxa;( IB"( a\x) x,a ' IB"( a‘X)Z x,a Table 3: MSE of different off-policy estimators. A lower MSE indicates a more accurate estimator.
¢ ’ ’ Algorithm | IPS-GT BIPS minVar stableVar Shrinage UIPS
(i.e., high uncertainty in estimation). r=05 | 0.087544e * | 15.786£151 09021%7¢ ©° 0.8612E5¢ ° 0.0718+5e ° | 0.0210£2¢ °
7=10 0020948 | 0.55104£0.388 0.9019+8¢ "~ 0.857842¢~" 0.1978+2¢~° | 0.0093+1¢°
-  Closed-form solution of ¢, , ! r=20 | 0.0020£6¢° | 0.5669+0.013 090I5+5e ™ 0834245 7 0.2952+3¢ " | 0.0043+de "
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(a) Estimated Logging Probability (b) Uncertainty of Estimation

» Step 2: Policy Improvement:
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' qb;n,an' rxn,anvﬁ log(nﬁ (an‘xn))
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> Performance under different uncertainties

* the only off-policy algorithm that outperforms CE on test
samples with high uncertainty.

Actions on Samples with High Uncertainty Actions on Samples with Low Uncertainty

Algorithm | P@S(RI) R@5(RI) NDCG@5(RI) | P@S(RI) R@3(RI) NDCG@5(RI)

CE | 05190 0.1231 0.5526
BIPS-Cap | 0.5117(-141%)  0.1202 (-233%)  0.5488 (-0.68%)
Shrinkage | 0.5158 (-0.62%)  0.1217(-1.11%)  0.5505 (-0.37%)

0.5913 0.1915 0.6549
0.5913 (+0.00%)  0.1903 (-0.64%)  0.6574 (+0.39%)
0.5892 (-0.35%)  0.1905(-0.55%)  0.6546 (-0.05%)

UIPS | 0.5222 (+0.61%) 0.1237(+0.50%) 0.5568 (+0.77%) | 0.5994 (+1.38%) 0.1940 (+1.28%) 0.6658 (+1.66%)




