BubbleRank: Safe Online Learning to Re-Rank via Implicit Click Feedback
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BubbleRank
Motivations BubbleRank illustration

Methodology: start with an initial base list Ry and improve it online by gradually exchanging higher-ranked less
attractive items for lower-ranked more attractive items.

» At each step ¢:
> h <t mod 2
> For k € (K — h)/2|: //Building the display list
Randomly exchange items R(2k — 1+ h) and Ry(2k + h) in list Ry, if s;-1(4,7) < 2m-1(1, j) log(1/6)
> Display R and observe clicks ¢; € {0, 1}*
> For k € (K —h)/2] and i < R:(2k — 1+ h), j < R+«(2k + h): // Update stats
update s4(7, j) and ni, j) if |c/(2k — 1+ h) — ¢(2k + h)| = 1

» Learning to rank: using machine learning to build ranking
systems
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» Offline approaches lack exploration and are limited to the
provided training data

» Online approaches: ?

!

> Balance exploration and exploitation
> Learn from the user feedback, e.g., clicks

> Tend to | from scratch: safety issue , , _ _ Base at t isplay at t Base at t+1 Display at t+1
=ne o feam Y>3 > For k € (K —h)/2] and i < R (2k — 1+ h), 5 < R:(2k + h): // Updating the base list T Displey e
Permanently exchange R 1(k) and R 1(k + 1) if s4(4,7) > QJnt(j, i) log(1/6) Figure: Illustration of BubbleRank with 5 items at step ¢.
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Main Result Experimental results cont’d
dll RESUITS
A safe online learning to re-rank algorithm that combines the
strength of both offline and online approaches. cM PBM
Theorem 1 (Upper Bound). The expected n-step regret of BubbleRank is bounded as
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Lemma 2 (Safety). Let . -~ @;Vl;«
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» ltem set D = [L] and K < L positions V(R)={(i,j) € [K]" :i < j,R™ (i) > R (j)} 10° ———————— 10° ————————
1 2 3 5 6 1 2 3 5 6
» Action set R € II;(D): R(k) is the item at position k be the set of incorrectly-ordered item pairs in list R. Then 107 10710 Stlo 10710 1071010 Stlo 10710
_ ep n epn
» Click at any k € [K|: ¢ci(k) = X Ry, k) A R(k)) V(R < [V(Ry| + K/2
i : Figure: The n-step violation of the safet traint.
> Each time step ¢: holds uniformly over time with probability of at least 1 — 52 Kn. BHIE: TS Tirotep VIDTAHON OF ThE Salety Constal
> The agent chooses an action R; € Il (D) o .
> Observe the click feedback ¢; € {0,1}" Lo _ Lo __
: b=t 141 P 1 0 - sz N
» Goal: maximize the expect number of clicks in top /K positions Experimental setup N __+_+/=I____,_,:;§;ﬂ‘f ' . ./-I‘ﬁ’*ﬁ‘
» Or minimize the expected cumulative regret in n steps: 9 Y 9 —-———-"'~'Y,.~,'w
n » Yandex Click log: at least one query in each session with 10 ranked items and 30M search sessions in total 9 0.8 - \‘)’ 9 0.8 7 i
Rn)= > E| max r(R,a,x)—r(Rsa,x) . . _ a _, a
t=1" |Rellg(D) » We randomly choose 100 frequent search queries and learn their CMs, DCMs and PBMs Z 0.7 - 4 Z 0.7 - Y
» [ =10 items with X = 10 positions 0.6 - & 0.6
. » Goal: place 5 most attractive items in the descending order of attractiveness at the 5 highest positions 1ol 102 10° 104 105 106 10l 102 10° 10° 105 106
Assumptions Step n Step

Experimental results
Figure: The per-step NDCGQ5.

For any lists R, R’ € Ilx(D) and positions k,¢ € |K] such that

k< (.

Al. r(R,a,x) < r(R*, a,x), where R* = (1... K) is the optimal
ranking;

A2. {R(1),....,R(k—1)}=4{R'(1),...,R(k—1)}
— X(R, k) = x(R k);

A3. X(R,k) =2 x(R,£);

A4. If R and R’ differ only in that the items at positions k£ and £ are

Conclusion
DCM PBM

» BubbleRank fills the gap between online and offline LTR
approaches in literature
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BubbleRank explores under a safety constraint
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BubbleRank learns slower than TopRank but can learn the
optimal ranking eventually
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» Future work: further theoretical and experimental analysis on

exchanged, then 107 10 10° 10% 10° 107 10° 10% 10° 10% 10> 10° 10% 10% 10° 10% 10> 10° BubbleRank in the online learning to rank setu
a(R(E)) < a(R() <= Y(R.0) > y(R'.0) Step n Step n Step n g P
AS. X(R7 k) > X(R*7 k) Figure: The n-step regret of BubbleRank (red), CascadeKL-UCB (green), BatchRank (blue), TopRank (orange), and Baseline (grey). UNIVERSITY OF AMSTERDAM
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