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Ranking algorithms are designed to organize vast quantities of
information to enhance user satisfaction:

> Streaming Services: YouTube, Netflix, Disney Plus ...
» Online Retailers: Amazon, Walmart, Target ...
» Short Videos: TikTok, KuaiShou ...
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[ Jelele]

Ranking algorithms are designed to organize vast quantities of
information to enhance user satisfaction:

> Streaming Services: YouTube, Netflix, Disney Plus ...
» Online Retailers: Amazon, Walmart, Target ...
» Short Videos: TikTok, KuaiShou ...

Remark
Usually, in an industrial context, the ranking process is twofold:
Q the retrieval /select phase;

@ the ranking phase.
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> Learning to rank in the bandit literature
@ User Click Models:
[Chuklin et al.(2022)Chuklin, Markov, and De Rijke,
Zhong et al.(2021)Zhong, Chueng, and Tan,
Katariya et al.(2016)Katariya, Kveton, Szepesvari, and Wen]
Q Position-Based Models:
[Lagrée et al.(2016)Lagrée, Vernade, and Cappe,
Komiyama et al.(2017)Komiyama, Honda, and Takeda,
Lattimore et al.(2018)Lattimore, Kveton, Li, and Szepesvari]
> Large-scale ranking algorithms with “explore-then-commit”
[Liu et al.(2009), Cao et al.(2007)Cao, Qin, Liu, Tsai, and Li,
Lee and Lin(2014), Li et al.(2007)Li, Wu, and Burges,
Li and Lin(2006), Burges(2010),
Li et al.(2024)Li, Feng, and Chen]
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Consider an online platform that hosts N items, and displays
ordered K items for each customer, for a total of T periods.
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Consider an online platform that hosts N items, and displays
ordered K items for each customer, for a total of T periods.

At every time period t € [T],
@ a user arrives with a context X; € RY

@ ranking agent chooses the retrieved K items s:(X;):
se(Xe) = (qe(1), - -+, qe(K))
© ranking agent decides and displays the ordered K items o}

© ranking agent sees the user satisfaction r(X;, o¢)
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Consider an online platform that hosts N items, and displays
ordered K items for each customer, for a total of T periods.

At every time period t € [T],
@ a user arrives with a context X; € RY

@ ranking agent chooses the retrieved K items s:(X;):
se(Xe) = (qe(1), - -+, qe(K))
© ranking agent decides and displays the ordered K items o}

© ranking agent sees the user satisfaction r(X;, o¢)

Goals
@ Personalized Retrieval: choose K items from N items

Q Personalized Ranking: optimally rank the retrieved K items
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Challenges
© Estimating user satisfaction in the face of uncertainty

@ Optimally choosing from a total of (%)K! ranking options

Learning to Rank Jingyuan Wang



Introduction Adaptively Learning to Rank Theoretical Guarantee Empirical Res

[e]e]e] )

Challenges
© Estimating user satisfaction in the face of uncertainty

@ Optimally choosing from a total of (ﬁ)K! ranking options

Solution Framework
Q Reward estimation via exploration-based bandit algorithm

@ Optimal ranking via solution to matching problem
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At any time t, for each item j ranked in position k, let Y;;, be
the potential outcome of the user satisfaction with this item.
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At any time t, for each item j ranked in position k, let Y;;, be
the potential outcome of the user satisfaction with this item.

P(YtJ,k|Xt;j, k)

Yt 7/((0//( + ,))-TXt) — A((,Yk + j'TXt)
=h(Ye .k, T)exp ( L2 . () / J )
» h(-),d(-),A(-) are the known specified functions
» 7 is the known scale parameter
> 3 € RY is the unknown embedding of item |

» «; € R is the unknown position effect of item j
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At any time t, for each item j ranked in position k, let Y:jk be
the potential outcome of the user satisfaction with this item.

P( Yt,j,k|Xt?j> k)

Yejk(ajk+ 3T Xe) — Aok + ;J-Txt))>

:h(YtJ’k,T) exp ( d(T)

Remark

For the learning purpose, we are interested in estimating the
item-specific parameters J; and «;:

11;(Xe, k) 1= E[Ye k| Xe, j, k] = Ak + 5,7 Xe).
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At any time t, for each item j ranked in position k, let Y;; , be
the potential outcome of the user satisfaction with this item.
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At any time t, for each item j ranked in position k, let Y;; , be
the potential outcome of the user satisfaction with this item.

P(Yy) k| Xe,J, k) = Sigmoid (FX)(Xe; 0;))

» (k) is the logit of reward probability at position k:
F(X,; 0) = ﬁWLz<WL_1z(. . .Z(W1Xt))>

> X; is the context information

» 0; is the true parameters in the reward function of item j:

()J = [vec(Wl(j)), ceey VeC(WL(J))]
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At any time t, for each item j ranked in position k, let Y} be
the potential outcome of the user satisfaction with this item.

P(Yy) k| Xe,J, k) = Sigmoid (F9 (X 0,))

Remark

For the learning purpose, we are interested in estimating the
item-specific network parameters ;.
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Given a ranking o: = (0¢(1),...,0+(K)), we assume the expected
user satisfaction of the ranked list is additive:

K
r(Xe,o¢) = Z :U'qt(k)(Xty ae(k)).
k=1
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Given a ranking o: = (0¢(1),...,0+(K)), we assume the expected
user satisfaction of the ranked list is additive:

K
r(Xe,o¢) = Z :U'qt(k)(Xty ae(k)).
k=1

Example (Watchtime).
Streaming services optimize total user watchtime. J
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Given a ranking o: = (0¢(1),...,0+(K)), we assume the expected
user satisfaction of the ranked list is additive:

K
r(Xe,o¢) = Z :U'qt(k)(Xty ae(k)).
k=1

Example (Watchtime). J

Streaming services optimize total user watchtime.

Example (Revenue). J

Online retailers maximize total revenue of the displayed items.
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To adaptively learn to rank in the bandit setting, we follow the
principle of “optimism in the face of uncertainty”.
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To adaptively learn to rank in the bandit setting, we follow the
principle of “optimism in the face of uncertainty”.
Specifically, at any time period t € [T], the ranking agent

@ estimates the upper confidence bound U;(X:, o) of the
expected user satisfaction r(X;, o) for each possible ranking;

Q selects the optimal ranking o;:

o+ = arg max { Ut (X, a)}.
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Maximum Likelihood Estimation (MLE) 9tJ = (dt,j,BAtJ)
Action Vector z, 1) 1= (0(q: 1(7))s Xe)

Covariance Matrix \/j(t) =30t 1{jes(X)}- zw-zTTJ
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Maximum Likelihood Estimation (MLE) 9tJ = (dt,j,BAtJ)
Action Vector z, 1) 1= (0(q: 1(7))s Xe)

Covariance Matrix \/j(t) =30t 1{jes(X)}- zw-zTTJ

» Upper Confidence Bound of 11;(Xe, k), i.e. o+(q; (j)) = k:

ﬁgj(Xt, k) = A/( éz’_jzt,k +€”Zt,k |(V.(t))*1)
\ / J
—

reward estimation ;
exploration term
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Maximum Likelihood Estimation (MLE) 9tJ = (dt,j,BAtJ)
Action Vector z, 1) 1= (0(q: 1(7))s Xe)

Covariance Matrix V( )= =Yt 1{jes(X)}- zw-zTTJ

» Upper Confidence Bound of 11;(Xe, k), i.e. o+(q; (j)) = k:

(Vj(f))fl)

|

exploration term

pi(Xe k) = A 0Lz
V

reward estimation

» Upper Confidence Bound of r(x;, o¢):
Xfygt . Z/,Lt q: (k) Xt,O't(k)).
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max Z WtU(L k)m:(j, k)

me

JEINLkelK]
st. Y m(j,k)=1, Vkel[K]
J€IN]
> m(j, k) <1, Vj€[N]
ke[K]

my(j, k) € {0,1}, Vj e [N],Vk € [K],
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max Z WtU(L k)m:(j, k)

™ jeINLkelK]
st. Y m(j,k)=1, Vkel[K]
J€E[N]
> m(j, k) <1, Vj€[N]
ke[K]
my(j, k) € {0,1}, Vj e [N],Vk € [K],

o(j)=k <& m(j,k)=1,
st(Xe) = e N Y me(i, k) =1}

ke[K]
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Algorithm 1 Upper Confidence Ranking (UCR)

Require: Environment £, context sampling function Ax, reward generating
function Ag, number of positions K, tuning parameter &, horizon T', random-
ization horizon Ty

// Random initialization
fort=1,2,...,7,—1do
Observe context X; ~ Ax () and then randomly choose K items
Sample o; ~ Unif(Sk);
Take ranking o; and observe outcomes {Y; g, (x),0. (k) Yee[x] ~ AR(E, Xt,0¢)
end for

// Upper Confidence Ranking
fort =Tp,...,T do
Observe context X; ~ Ax(€)
forj=1,...,N do
Compute 6, ; = (as,;, Bt,;) via MLE
Compute covariance matrix Vj(t)
for k=1,--- ,K do N
Compute w (j,k) := gr(A'(0F ;2 + € - szH(V;)*l))
end for
end for
Obtain oy, s:(X:) ~ via Hungarian algorithm
Take ranking o and observe outcomes {Y; g, (k),0, (k) ke[x] ~ AR(E, Xt, 0¢)
end for
Ensure: {(X:,5:(Xt), 0%, Ys,q,1),00 (1) 5 Yeq0(K), 00 (K)) Hee[T]
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Proposition

For any 6 € (0,1). If To = max {O( K+N) log 5) O(d log 5)}
then with probability at least 1 — 4, for aII t €[To, T] and all
J € [N], it holds that

16z — 6 illyo = O(v/dlog(T/d) + log(1/9)).
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Proposition

For any 6 € (0,1). If To = max {O( K+N) log 5) O(d log 5)}
then with probability at least 1 — 4, for aII t €[To, T] and all
J € [N], it holds that

16z — 6 illyo = O(v/dlog(T/d) + log(1/9)).

Theorem
With probability at least 1 — § and proper choice of Ty, the regret

= O<(K+N)2+d+d\/m).

o’
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Figure 1: The average cumulative regret (with standard variation interval)
of UCR and G-MLE in the simulated environment, with N = K = 5.
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Figure 2: The average cumulative regret (with standard variation interval)
of UCR and G-MLE in the simulated environment, with N = 10, K = 5.
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Figure 3: Average relative regret (with standard variation interval) of
UCR and G-MLE on the real-world dataset, with N =114, K =3
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