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Îáó÷åíèå ðàíæèðîâàíèþ: âèäû ïîñòàíîâîê çàäà÷

Äàíî: X ℓ = {x1, . . . , xℓ} � îáó÷àþùàÿ âûáîðêà,
i ≺ j � îòíîøåíèå ¾xj ëó÷øå, ÷åì xi¿ ìåæäó îáúåêòàìè èç X ℓ

Íàéòè: ôóíêöèþ ðàíæèðîâàíèÿ a : X → R,
âîññòàíàâëèâàþùóþ ïðàâèëüíîå îòíîøåíèå ïîðÿäêà:

i ≺ j ⇒ a(xi ) < a(xj)

Êðèòåðèé êîíñòðóèðóåòñÿ ïî-ðàçíîìó â òð¼õ ïîäõîäàõ:

Point-wise � ïîòî÷å÷íûé (àíàëîã ðåãðåññèè/êëàññèôèêàöèè)

Pair-wise � ïîïàðíûé (êà÷åñòâî ïàðíûõ ñðàâíåíèé)

List-wise � ñïèñî÷íûé (êà÷åñòâî ðàíæèðîâàííîãî ñïèñêà)

Ëèíåéíàÿ ìîäåëü ðàíæèðîâàíèÿ:

a(x ,w) =
〈
x ,w

〉
ãäå x 7→

(
f1(x), . . . , fn(x)

)
∈ Rn � âåêòîð ïðèçíàêîâ îáúåêòà x
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Ïðèìåðû çàäà÷ ðàíæèðîâàíèÿ

Ðàíæèðîâàíèå (Learning to Rank, LtR, L2R, LETOR)
íóæíî âåçäå, ãäå ñèñòåìà ïðåäëàãàåò ÷åëîâåêó âàðèàíòû äëÿ
ïðèíÿòèÿ ðåøåíèÿ, âîçìîæíàÿ îñíîâà ãèáðèäíîãî èíòåëëåêòà.

Ïðèìåðû ïðèëîæåíèé:

ðàíæèðîâàíèå âûäà÷è ïîèñêîâîé ñèñòåìû

ðàíæèðîâàíèå ðåêîìåíäàöèé ïîëüçîâàòåëÿì
(êíèãè, ôèëüìû, ìóçûêà, òîâàðû èíòåðíåò-ìàãàçèíà, è ò.ï.)

ðàíæèðîâàíèå âàðèàíòîâ àâòîìàòè÷åñêîãî çàâåðøåíèÿ
çàïðîñà (Query Auto Completion, auto-suggest)

ðàíæèðîâàíèå âîçìîæíûõ îòâåòîâ â äèàëîãîâûõ ñèñòåìàõ
(Question Answering Systems)

ðàíæèðîâàíèå âàðèàíòîâ ïåðåâîäà ôðàç â ìàøèííîì
ïåðåâîäå õóäîæåñòâåííîãî òåêñòà (Machine Translation)

Ê.Â. Âîðîíöîâ (k.v.vorontsov@phystech.edu) ÏÌÌÎ: ìåòîäû îáó÷åíèÿ ðàíæèðîâàíèþ 4 / 31



Ïîñòàíîâêà çàäà÷è è îñíîâíûå ïîäõîäû
Ðàíæèðîâàíèå â ïîèñêîâûõ ñèñòåìàõ

Íåéðîñåòåâûå ìîäåëè ïîèñêà

Ïîòî÷å÷íûé ïîäõîä
Ïîïàðíûé ïîäõîä
Ñïèñî÷íûé ïîäõîä

Ðàíãîâàÿ ðåãðåññèÿ (Ordinal Regression, OR)

Äàíî: âûáîðêà (xi , yi )
ℓ
i=1, ãäå yi ∈ Y = {1 ≺ 2 ≺ · · · ≺ R}

Íàéòè: ìîäåëü ðàíæèðîâàíèÿ ñ âåêòîðîì ïàðàìåòðîâ w
è ïîðîãàìè b0 = −∞, b1 ⩽ . . . ⩽ bR−1, bR = +∞:

a(x ,w , b) = y , åñëè by−1 < g(x ,w) ⩽ by

Êðèòåðèè ñ ôóíêöèåé ïîòåðü L (M), óáûâàþùåé ïî M:

1) ñóììà ïîòåðü ïî äâóì áëèæàéøèì ïîðîãàì:
ℓ∑

i=1
L

(
g(xi ,w)−byi−1

)
+ L

(
byi −g(xi ,w)

)
→ min

w ,b

yi =4

2) ñóììà ïîòåðü ïî âñåì ïîðîãàì:
ℓ∑

i=1

R∑
y=1

L
((

by−g(xi ,w)
)
sign

(
y−yi

))
→ min

w ,b

yi =4

J.D.M.Rennie, N.Srebro. Loss functions for preference levels: regression with discrete

ordered labels. IJCAI-2005.
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Íàïîìèíàíèå. SVM � ìåòîä îïîðíûõ âåêòîðîâ

Äàíî: (xi , yi )
ℓ
i=1, ãäå xi ∈ Rn, yi ∈ {−1,+1}:

Íàéòè: ëèíåéíóþ ìîäåëü êëàññèôèêàöèè

a(x ,w ,w0) = sign
(
⟨w , x⟩ − w0

)
, w , x ∈ Rn, w0 ∈ R

Êðèòåðèé îáó÷åíèÿ SVM:
1

2
∥w∥2 + C

ℓ∑
i=1

ξi → min
w ,w0,ξ

Mi (w ,w0) ⩾ 1− ξi , i = 1, . . . , ℓ

ξi ⩾ 0, i = 1, . . . , ℓ

x−

x+

w

ãäå Mi (w ,w0) = yi
(
⟨w , xi ⟩ − w0

)
� îòñòóï îáúåêòà xi

Ýêâèâàëåíòíàÿ çàäà÷à áåçóñëîâíîé ìèíèìèçàöèè:

ℓ∑
i=1

(
1−Mi (w ,w0)

)
+
+

1

2C
∥w∥2 → min

w ,w0
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Ðàíãîâûé SVM (Support Vector Ordinal Regression, SVOR)

×àñòíûé ñëó÷àé OR: ëèíåéíàÿ ìîäåëü g(x ,w) = ⟨w , x⟩,
ñóììà ïî äâóì ïîðîãàì, ôóíêöèÿ ïîòåðü L (M) = (1−M)+:

ℓ∑
i=1

(
1− ⟨xi ,w⟩+ byi−1

)
+
+

(
1+ ⟨xi ,w⟩ − byi

)
+
+ 1

2C ∥w∥2 → min
w ,b

1

1

1

1

1
1 1

1

1 1

2

2
2

2

2

2

2
2

2
2
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3

3

3

3

3
3

3

3

3

4

4

4

4

4

44
4

4

4

5

5

5

5

5
5

5

5
5

5

b1 b2 b3 b4

w

Ýêâèâàëåíòíàÿ çàäà÷à êâàäðàòè÷íîãî ïðîãðàììèðîâàíèÿ:
1
2∥w∥2 + C

ℓ∑
i=1

[yi ̸=1] ξ∗i + [yi ̸=R] ξi → min
w ,b,ξ

⟨xi ,w⟩ ⩾ byi−1 + 1− ξ∗i , ξ∗i ⩾ 0, yi ̸=1

⟨xi ,w⟩ ⩽ byi − 1+ ξi , ξi ⩾ 0, yi ̸=R, br ⩽ br+1
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Ðàíãîâûé SVM (Support Vector Ordinal Regression, SVOR)

Äâîéñòâåííàÿ çàäà÷à (λ∗
i = 0 ïðè yi = 1, λi = 0 ïðè yi = R):

∑ℓ
i=1(λ

∗
i + λi )− 1

2

∑ℓ
i ,j=1(λ

∗
i − λi )(λ

∗
j − λj)K (xi , xj) → max

λ∗,λ,µ

µr +
∑ℓ

i=1 λi [yi = r ] = µr+1 +
∑ℓ

i=1 λ
∗
i [yi = r + 1], r = 1, . . . ,R−1

0 ⩽ λ∗
i ⩽ C ; 0 ⩽ λi ⩽ C ; µr ⩾ 0

Ìîäåëü ðàíæèðîâàíèÿ ïîñëå ðåøåíèÿ äâîéñòâåííîé çàäà÷è:

⟨w , x⟩ =
ℓ∑

i=1
(λ∗

i − λi )K (x , xi )

Ïðåèìóùåñòâà SVOR � òå æå, ÷òî ó SVM:

çàäà÷à âûïóêëàÿ, èìååò åäèíñòâåííîå ðåøåíèå

âîçìîæíû íåëèíåéíûå îáîáùåíèÿ ñ ÿäðàìè K (x , x ′)

ðåøåíèå ðàçðåæåííîå, çàâèñèò òîëüêî îò îïîðíûõ âåêòîðîâ

Wei Chu, Sathiya Keerthi. Support Vector Ordinal Regression. 2007.
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Ïîïàðíûé ïîäõîä (pair-wise approach)

Äàíî: X ℓ = {x1, . . . , xℓ}, îòíîøåíèÿ i ≺ j ¾xj ëó÷øå, ÷åì xi¿

Íàéòè: ìîäåëü ðàíæèðîâàíèÿ a(x ,w) ñ âåêòîðîì ïàðàìåòðîâ w

Êðèòåðèé êà÷åñòâà ðàíæèðîâàíèÿ ïî ïàðàì îáúåêòîâ:

Q(w) =
∑
i≺j

[
a(xj ,w)− a(xi ,w)︸ ︷︷ ︸

margin Mij (w)

< 0
]

⩽
∑
i≺j

L
(
a(xj ,w)− a(xi ,w)

)
→ min

w

ãäå L (M) � óáûâàþùàÿ ôóíêöèÿ ïàðíîãî îòñòóïà Mij(w):

L (M) = (1−M)+ � RankSVM, Ranking SVM è äð.

L (M) = exp(−M) � RankBoost

L (M) = log(1+ e−M) � RankNet

R.Herbrich, T.Graepel, K.Obermayer. Support vector learning for ordinal regression. 1999

Y. Freund et al. An e�cient boosting algorithm for combining preferences. 2003
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Íàïîìèíàíèå. AUC-ROC � êà÷åñòâî áèíàðíîé êëàññèôèêàöèè

Äàíî: âûáîðêà X ℓ = {x1, . . . , xℓ}, ãäå yi ∈ {−1,+1}
Íàéòè: ìîäåëü êëàññèôèêàöèè a(xi ,w) = sign

(
g(xi ,w)

)
Êðèòåðèé: AUC-ROC (area under ROC-curve), ïëîùàäü ðàâíà
äîëå ïðàâèëüíî óïîðÿäî÷åííûõ ïàð îáúåêòîâ (xi , xj), yi <yj :

AUC(w) =
1

ℓ−

ℓ∑
i=1

[
yi = −1

]
TPRi =

=
1

ℓ−ℓ+

ℓ∑
i=1

ℓ∑
j=1

[
yi < yj

][
g(xi ,w) < g(xj ,w)

]
→ max

w

Ìàêñèìèçàöèÿ AUC � ýòî çàäà÷à áèíàðíîãî ðàíæèðîâàíèÿ:

1− AUC(w) ⩽ Q(w) =
∑

i ,j : yi<yj

L
(
g(xj ,w)− g(xi ,w)︸ ︷︷ ︸

Mij (w)

)
→ min

w
,

ãäå L (M) � óáûâàþùàÿ ôóíêöèÿ ïàðíîãî îòñòóïà Mij(w).
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Íàïîìèíàíèå. Àëãîðèòì SG äëÿ ìàêñèìèçàöèè AUC

Âîçüì¼ì äëÿ ïðîñòîòû ëèíåéíûé êëàññèôèêàòîð:

g(x ,w) = ⟨x ,w⟩, Mij(w) = ⟨xj − xi ,w⟩, yi < yj

Âõîä: âûáîðêà X ℓ, òåìï îáó÷åíèÿ h, òåìï çàáûâàíèÿ λ;
Âûõîä: âåêòîð âåñîâ w ;

èíèöèàëèçèðîâàòü âåñà wj , j = 0, . . . , n;

èíèöèàëèçèðîâàòü îöåíêó: Q̄ := 1
ℓ+ℓ−

∑
i ,j
[yi < yj ]L (Mij(w));

ïîâòîðÿòü
âûáðàòü ïàðó îáúåêòîâ (i , j) : yi < yj , ñëó÷àéíûì îáðàçîì;
âû÷èñëèòü ïîòåðþ: εij := L (Mij(w));
ñäåëàòü ãðàäèåíòíûé øàã: w := w − hL ′(Mij(w))(xj − xi );
îöåíèòü ôóíêöèîíàë: Q̄ := (1− λ)Q̄ + λεij ;

ïîêà çíà÷åíèå Q̄ è/èëè âåñà w íå ñîéäóòñÿ;
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Ranking SVM: ìåòîä îïîðíûõ âåêòîðîâ äëÿ ðàíæèðîâàíèÿ

Äàíî: X ℓ = {x1, . . . , xℓ}, xi ∈ Rn, îòíîøåíèÿ i ≺ j

Íàéòè: w ëèíåéíîé ìîäåëè ðàíæèðîâàíèÿ a(x ,w) = ⟨w , x⟩
Êðèòåðèé: çàäà÷à SVM äëÿ ïîïàðíîãî ïîäõîäà

Q(w) = 1
2∥w∥2 + C

∑
i≺j

L
(
a(xj ,w)− a(xi ,w)︸ ︷︷ ︸

margin Mij (w)

)
→ min

w
,

ãäå Mij(w) = ⟨w , xj − xi ⟩ � ïàðíûé îòñòóï, L (M) = (1−M)+

Ýêâèâàëåíòíàÿ çàäà÷à êâàäðàòè÷íîãî ïðîãðàììèðîâàíèÿ:
1
2∥w∥2 + C

∑
i≺j

ξij → min
w ,ξ

⟨w , xj − xi ⟩ ⩾ 1− ξij , i ≺ j

ξij ⩾ 0, i ≺ j

T. Joachims. Optimizing search engines using clickthrough data. 2002.
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RankNet: ëîãèñòè÷åñêàÿ ðåãðåññèÿ äëÿ ðàíæèðîâàíèÿ

RankNet: ôóíêöèÿ ïîòåðü L (M) = log(1+ e−σM),
ìîäåëü a(xi ,w) = ai (w) � íåéðîííàÿ ñåòü èëè áóñòèíã:

Q(w) =
∑
i≺j

L
(
aj(w)− ai (w)

)
→ min

w

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà:
âûáèðàåì íà êàæäîé èòåðàöèè ñëó÷àéíóþ ïàðó i ≺ j :

w := w − η · L ′(aj(w)− ai (w)
)︸ ︷︷ ︸

λij

· ∇w

(
aj(w)− ai (w)

)
Áîëåå ýôôåêòèâíîå îáíîâëåíèå: âûáèðàåì ñëó÷àéíûé îáúåêò xi
è ïàêåò (mini-batch) âñåõ îáúåêòîâ, ñ êîòîðûìè îí ñðàâíèì:

w := w − η
∑

j
λij ·

(
[i ≻ j ]− [i ≺ j ]

)
· ∇wai (w)

C.Burges et al. Learning to rank using gradient descent. 2005
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Îò ïîïàðíîãî RankNet ê ñïèñî÷íîìó LambdaRank

Ïóñòü Q̃ � íåãëàäêèé ôóíêöèîíàë êà÷åñòâà ðàíæèðîâàíèÿ,
â ÷àñòíîñòè, äëÿ åãî âû÷èñëåíèÿ ñïèñîê îáúåêòîâ xi ìîæåò
ðàíæèðîâàòüñÿ ïî óáûâàíèþ çíà÷åíèé a(xi ,w).

∆Q̃ij � èçìåíåíèå Q̃ ïðè ïåðåñòàíîâêå xi ⇆ xj â ñïèñêå.

LambdaRank: äîìíîæåíèå ãðàäèåíòà íà |∆Q̃ij | ïðèâîäèò
ê ïðèáëèæ¼ííîé îïòèìèçàöèè íåãëàäêîãî ôóíêöèîíàëà Q̃:

w := w − η
∑

j
λij · |∆Q̃ij | ·

(
[i ≻ j ]− [i ≺ j ]

)
· ∇wai (w)

Åñëè i ≻ j , òî w èçìåíÿåòñÿ â ñòîðîíó óâåëè÷åíèÿ ai (w).
Åñëè i ≺ j , òî w èçìåíÿåòñÿ â ñòîðîíó óìåíüøåíèÿ ai (w).
Ñóììà ýòèõ èçìåíåíèé ñìåùàåò xi âûøå èëè íèæå ïî ñïèñêó.
|∆Q̃ij | èçìåíÿåò âåëè÷èíó ñìåùåíèÿ, ñîõðàíÿÿ åãî íàïðàâëåíèå.

C.Burges. From RankNet to LambdaRank to LambdaMART: an overview. 2010
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Çàäà÷à ðàíæèðîâàíèÿ ïîèñêîâîé âûäà÷è

D � ìíîæåñòâî web-ñòðàíèö èëè äîêóìåíòîâ (documents)
Q � ìíîæåñòâî çàïðîñîâ (queries)
Dq ⊆ D � ìíîæåñòâî äîêóìåíòîâ, íàéäåííûõ ïî çàïðîñó q
X = Q × D � îáúåêòàìè ÿâëÿþòñÿ ïàðû ¾çàïðîñ, äîêóìåíò¿:

x ≡ (q, d), q ∈ Q, d ∈ Dq

Y � óïîðÿäî÷åííîå ìíîæåñòâî ðåéòèíãîâ
y : X → Y � îöåíêè ðåëåâàíòíîñòè, ïîñòàâëåííûå àñåññîðàìè:
÷åì âûøå îöåíêà y(q, d), òåì ðåëåâàíòíåå äîêóìåíò d çàïðîñó q

Ïðàâèëüíûé ïîðÿäîê îïðåäåë¼í òîëüêî ìåæäó äîêóìåíòàìè,
íàéäåííûìè ïî îäíîìó è òîìó æå çàïðîñó q:

(q, d) ≺ (q, d ′) ⇔ y(q, d) < y(q, d ′)
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Âåðîÿòíîñòíàÿ ìîäåëü ïîâåäåíèÿ ïîëüçîâàòåëÿ

Ïðèçíàêè f (q, d), f (d) äëÿ ðàíæèðîâàíèÿ ïîèñêîâîé âûäà÷è

òåêñòîâûå, äîêóìåíòíûå
ñëîâà çàïðîñà q âñòðå÷àþòñÿ â d ÷àùå îáû÷íîãî
ñëîâà çàïðîñà q âñòðå÷àþòñÿ â d ïîäðÿä êàê ôðàçà
ñëîâà çàïðîñà q åñòü â çàãîëîâêàõ èëè âûäåëåíû â d
äëèíà d , âîçðàñò d , ÷èòàáåëüíîñòü d , ìóëüòèìåäèà â d

ññûëî÷íûå
÷èñëî ññûëîê íà äîêóìåíò d , íà ñàéò, íà äîìåí
÷èñëî ññûëîê èç òåìàòè÷åñêè áëèçêèõ äîêóìåíòîâ (ÒÈÖ)
÷èñëî ïîëåçíûõ ññûëîê, ñîäåðæàùèõñÿ â äîêóìåíòå d

ïîâåäåí÷åñêèå, êëèêîâûå
íà äîêóìåíò d ÷àñòî êëèêàþò (âñåãî / ïî çàïðîñó q)
íà äîêóìåíòå d äîëãî çàäåðæèâàþòñÿ
ïîñëå äîêóìåíòà d ðåäêî âîçâðàùàþòñÿ ê ïîèñêó

ïîëüçîâàòåëüñêèå � äëÿ ïåðñîíàëèçàöèè ïîèñêà
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TF-IDF(q, d) � ìåðà ðåëåâàíòíîñòè äîêóìåíòà d çàïðîñó q

ndw (term frequency) � ÷èñëî âõîæäåíèé ñëîâà w â òåêñò d
Nw (document frequency) � ÷èñëî äîêóìåíòîâ, ñîäåðæàùèõ w
N � ÷èñëî äîêóìåíòîâ â êîëëåêöèè D

Nw/N � îöåíêà âåðîÿòíîñòè âñòðåòèòü ñëîâî w â äîêóìåíòå
(Nw/N)ndw � îöåíêà âåðîÿòíîñòè âñòðåòèòü åãî ndw ðàç

P(q, d) =
∏

w∈q(Nw/N)ndw � îöåíêà âåðîÿòíîñòè âñòðåòèòü
â äîêóìåíòå d ñëîâà çàïðîñà q = {w1, . . . ,wk} ÷èñòî ñëó÷àéíî

Îöåíêà ðåëåâàíòíîñòè çàïðîñà q äîêóìåíòó d :

TF-IDF(q, d) = − logP(q, d) =
∑
w∈q

ndw︸︷︷︸
TF(w ,d)

log(N/Nw )︸ ︷︷ ︸
IDF(w)

→ max

TF(w , d) = ndw � term frequency
IDF(w) = log(N/Nw ) � inverted document frequency
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Ñåìåéñòâî ìåð ðåëåâàíòíîñòè Best Matching (Okapi BM25)

Ìîäèôèêàöèÿ TF-IDF:

ðîñò TF îãðàíè÷èâàåòñÿ ñâåðõó

TF óìåíüøàåòñÿ äëÿ äëèííûõ äîêóìåíòîâ

âåñ IDF äëÿ ÷àñòûõ ñëîâ ñòàíîâèòñÿ åù¼ ìåíüøå

BM(q, d) =
∑
w∈q

ndw (k1 + 1)

ndw + k1
(
1− b + b nd

n̄d

) max

{
log

N − Nw + 1
2

Nw + 1
2

, ε

}
nd � äëèíà äîêóìåíòà d
n̄d � ñðåäíÿÿ äëèíà äîêóìåíòîâ â êîëëåêöèè
b ∈ [0, 1] óïðàâëÿåò ó÷¼òîì äëèíû äîêóìåíòà (îáû÷íî b = 0.75)
k1 ⩾ 0 îãðàíè÷èâàåò ëèíåéíûé ðîñò TF (îáû÷íî k1 = 2)
ε îãðàíè÷èâàåò ñíèçó IDF (îáû÷íî ε = 0)

S.Robertson, H.Zaragoza. The probabilistic relevance framework: BM25 and beyond. 2009
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PageRank � êëàññè÷åñêèé ññûëî÷íûé ïðèçíàê

Äîêóìåíò d òåì âàæíåå,
÷åì áîëüøå ññûëîê äðóãèõ äîêóìåíòîâ c íà d ,
÷åì âàæíåå äîêóìåíòû c , ññûëàþùèåñÿ íà d ,
÷åì ìåíüøå äðóãèõ ññûëîê èìåþò ýòè c .

Âåðîÿòíîñòü ïîñåòèòü ñòðàíèöó d , êëèêàÿ ïî ññûëêàì ñëó÷àéíî:

PR(d) = (1− δ)
1

N
+ δ

∑
c∈D in

d

PR(c)

|Dout
c |

,

D in
d ⊂ D � ìíîæåñòâî äîêóìåíòîâ, ññûëàþùèõñÿ íà d ,

Dout
c ⊂ D � ìíîæåñòâî äîêóìåíòîâ, íà êîòîðûå ññûëàåòñÿ c ,

δ = 0.85 � âåðîÿòíîñòü ïðîäîëæàòü êëèêè (damping factor),
N � ÷èñëî äîêóìåíòîâ â êîëëåêöèè D.

Lawrence Page, Sergey Brin, Rajeev Motwani, Terry Winograd. The PageRank

citation ranking: bringing order to the Web. 1998.
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Ïîâåäåí÷åñêèå ïðèçíàêè ðàíæèðîâàíèÿ

CTR(d), CTR(q, d) � êëèêàáåëüíîñòü, Click-Through Rate
� îòíîøåíèå ÷èñëà êëèêîâ ê ÷èñëó ïîêàçîâ

Âåðîÿòíîñòü åäèíñòâåííîãî êëèêà / ïîñëåäíåãî êëèêà

Ñðåäíÿÿ äëèòåëüíîñòü ïîñåùåíèÿ, ÷àñòîòà ïîñåùåíèé

Óäîâëåòâîð¼ííîñòü ïîëüçîâàòåëåé � âåðîÿòíîñòü
çàâåðøèòü ïîèñê ïîñëå ïîñåùåíèÿ ñòðàíèöû d

Ãëóáèíà ïðîñìîòðà � ÷èñëî ñòðàíèö ñàéòà, ïîñåùàåìûõ
ïîëüçîâàòåëÿìè ÷åðåç ñòðàíèöó d â òå÷åíèå îäíîé ñåññèè

BrowseRank(d) � àíàëîã PageRank(d), îöåíêà äîëè
âðåìåíè, ïðîâîäèìîãî ïîëüçîâàòåëÿìè íà ñòðàíèöå d ;
ñòðàíèöû è ññûëêè îáðàçóþò ãðàô, êàê è â PageRank, íî:
� äëÿ êàæäîãî d äàíî ðàñïðåäåëåíèå âðåìåíè ïîñåùåíèÿ,
� äëÿ êàæäîé ññûëêè äàíî ÷èñëî ïåðåõîäîâ ïîëüçîâàòåëåé.

Yuting Liu et al. BrowseRank: letting Web users vote for page importance. 2008
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Îöåíèâàíèå êà÷åñòâà ïîèñêà

Precision � äîëÿ ðåëåâàíòíûõ ñðåäè íàéäåííûõ
Recall � äîëÿ íàéäåííûõ ñðåäè ðåëåâàíòíûõ

P =
TP

TP+ FP
� òî÷íîñòü (precision)

R =
TP

TP+ FN
� ïîëíîòà (recall)

F1 =
2PR

P + R
� F1-ìåðà

TP (true positive) � íàéäåííûå ðåëåâàíòíûå
FP (false positive) � íàéäåííûå íåðåëåâàíòíûå
FN (false negative) � íåíàéäåííûå ðåëåâàíòíûå
TN (true negative) � íå äîëæåí ó÷èòûâàòüñÿ

Ïðîáëåìà: â ¾áîëüøîì ïîèñêå¿ FN è Recall íåèçâåñòíû
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Òî÷íîñòü, ñðåäíÿÿ òî÷íîñòü, óñðåäí¼ííàÿ ñðåäíÿÿ òî÷íîñòü

Ïóñòü Y = {0, 1}, y(q, d) ∈ Y � áèíàðíàÿ ðåëåâàíòíîñòü,
a(q, d) � îöåíèâàåìàÿ ôóíêöèÿ ðàíæèðîâàíèÿ,

d
(i)
q � i-é äîêóìåíò ïî óáûâàíèþ a(q, d).

Precision, òî÷íîñòü � äîëÿ ðåëåâàíòíûõ ñðåäè ïåðâûõ n:

Pn(q) =
1

n

n∑
i=1

y(q, d
(i)
q )

Average Precision, ñðåäíÿÿ Pn ïî ïîçèöèÿì n ðåëåâàíòíûõ d
(n)
q :

AP(q) =
∑
n

y(q, d
(n)
q )Pn(q)

/ ∑
n

y(q, d
(n)
q )

Mean Average Precision � AP, óñðåäí¼ííàÿ ïî âñåì çàïðîñàì:

MAP =
1

|Q|
∑
q∈Q

AP(q)
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Âåðîÿòíîñòíàÿ ìîäåëü ïîâåäåíèÿ ïîëüçîâàòåëÿ

Äîëÿ ¾äåôåêòíûõ ïàð¿

Ïóñòü Y ⊆ R, y(q, d) � ÷èñëîâàÿ îöåíêà ðåëåâàíòíîñòè,
a(q, d) � îöåíèâàåìàÿ ôóíêöèÿ ðàíæèðîâàíèÿ,

d
(i)
q � i-é äîêóìåíò ïî óáûâàíèþ a(q, d).

Äîëÿ èíâåðñèé ïîðÿäêà ñðåäè ïåðâûõ n äîêóìåíòîâ:

DPn(q) =
2

n(n − 1)

n∑
i ,j=1

[
i < j

][
y(q, d

(i)
q ) < y(q, d

(j)
q )

]
Ñâÿçü ñ êîýôôèöèåíòîì ðàíãîâîé êîððåëÿöèè (τ Êåíäåëëà):

τ(a, y) = 1− 2 · DPn(q)

Ñâÿçü ñ AUC (area under ROC-curve) â çàäà÷àõ êëàññèôèêàöèè
ñ äâóìÿ êëàññàìè {−1,+1}, a : X → R:

AUCn(q) =
1

ℓ−ℓ+

n∑
i ,j=1

[
yi < yj

][
a(xi ) < a(xj)

]
= 1−n(n − 1)

2ℓ−ℓ+
DPn(q)
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Ïðèçíàêè ðàíæèðîâàíèÿ
Ôóíêöèîíàëû êà÷åñòâà ðàíæèðîâàíèÿ
Âåðîÿòíîñòíàÿ ìîäåëü ïîâåäåíèÿ ïîëüçîâàòåëÿ

DCG � Discounted Cumulative Gain

Ïóñòü Y ⊆ R, y(q, d) � ÷èñëîâàÿ îöåíêà ðåëåâàíòíîñòè,
a(q, d) � îöåíèâàåìàÿ ôóíêöèÿ ðàíæèðîâàíèÿ,

d
(i)
q � i-é äîêóìåíò ïî óáûâàíèþ a(q, d).

Äèñêîíòèðîâàííàÿ (âçâåøåííàÿ) ñóììà âûèãðûøåé:

DCGn(q) =
n∑

i=1

Gq(d
(i)
q )︸ ︷︷ ︸

gain

· D(i)︸︷︷︸
discount

Gq(d) = (2y(q,d) − 1) � á�îëüøèé âåñ ðåëåâàíòíûì äîêóìåíòàì
D(i) = 1/ log2(i + 1) � á�îëüøèé âåñ â íà÷àëå âûäà÷è

Íîðìèðîâàííàÿ äèñêîíòèðîâàííàÿ ñóììà âûèãðûøåé:

NDCGn(q) =
DCGn(q)

maxDCGn(q)

maxDCGn(q) � ýòî DCGn(q) ïðè èäåàëüíîì ðàíæèðîâàíèè
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Íåéðîñåòåâûå ìîäåëè ïîèñêà

Ïðèçíàêè ðàíæèðîâàíèÿ
Ôóíêöèîíàëû êà÷åñòâà ðàíæèðîâàíèÿ
Âåðîÿòíîñòíàÿ ìîäåëü ïîâåäåíèÿ ïîëüçîâàòåëÿ

ßíäåêñ pFound � ìîäåëü ïîâåäåíèÿ ïîëüçîâàòåëÿ

Ïóñòü Y ⊆ [0, 1],
y(q, d) � ðåëåâàíòíîñòü, îöåíêà âåðîÿòíîñòè íàéòè îòâåò â d ,
a(q, d) � îöåíèâàåìàÿ ôóíêöèÿ ðàíæèðîâàíèÿ,

d
(i)
q � i-é äîêóìåíò ïî óáûâàíèþ a(q, d).

Âåðîÿòíîñòü íàéòè îòâåò â ïåðâûõ n äîêóìåíòàõ
(ïî ôîðìóëå ïîëíîé âåðîÿòíîñòè):

pFoundn(q) =
n∑

i=1

Pi · y
(
q, d

(i)
q

)
,

ãäå Pi � âåðîÿòíîñòü äîéòè äî i-ãî äîêóìåíòà:

P1 = 1;

Pi+1 = Pi ·
(
1− y

(
q, d

(i)
q

))
·
(
1− Pout

)
,

ãäå Pout � âåðîÿòíîñòü ïðåêðàòèòü ïîèñê áåç îòâåòà
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Ïðèçíàêè ðàíæèðîâàíèÿ
Ôóíêöèîíàëû êà÷åñòâà ðàíæèðîâàíèÿ
Âåðîÿòíîñòíàÿ ìîäåëü ïîâåäåíèÿ ïîëüçîâàòåëÿ

ßíäåêñ pFound � ìîäåëü ïîâåäåíèÿ ïîëüçîâàòåëÿ

Ïàðàìåòðû êðèòåðèÿ pFound:

Pout = 0.15 � âåðîÿòíîñòü ïðåêðàòèòü ïîèñê áåç îòâåòà;

y(q, d) � îöåíêà âåðîÿòíîñòè íàéòè îòâåò â äîêóìåíòå,
âû÷èñëåííàÿ ïî êëèêîâûì äàííûì ïîëüçîâàòåëåé:

îöåíêà àñåññîðà y(q, d)

5 Vital 0.61
4 Useful 0.41
3 Relevant+ 0.14
2 Relevant− 0.07
1 Not Relevant 0.00

Ãóëèí À., Êàðïîâè÷ Ï., Ðàñêîâàëîâ Ä., Ñåãàëîâè÷ È. Îïòèìèçàöèÿ àëãîðèòìîâ

ðàíæèðîâàíèÿ ìåòîäàìè ìàøèííîãî îáó÷åíèÿ. ÐÎÌÈÏ-2009.
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Ïðèçíàêè ðàíæèðîâàíèÿ
Ôóíêöèîíàëû êà÷åñòâà ðàíæèðîâàíèÿ
Âåðîÿòíîñòíàÿ ìîäåëü ïîâåäåíèÿ ïîëüçîâàòåëÿ

Î ðàíæèðîâàíèè ïîèñêîâîé âûäà÷è â ßíäåêñå

(Ïî ìîèì óñòàðåâøèì ñâåäåíèÿì)

Áîëåå 50 000 íîâûõ îöåíîê àñåññîðîâ åæåìåñÿ÷íî

Çà 8 ëåò ïðèäóìàíî è ïðîâåðåíî áîëåå 2000 ïðèçíàêîâ

Pair-wise ïîäõîä ëó÷øå, ÷åì point-wise è list-wise

Íàðÿäó ñ äàííûìè àñåññîðîâ (explicit relevance feedback)
èñïîëüçóþòñÿ áîëüøèå, íî ìåíåå íàä¼æíûå äàííûå
î ïîâåäåíèè ïîëüçîâàòåëåé (implicit relevance feedback)

Òåõíîëîãèè:

MatrixNet: ìîäåëü ðàíæèðîâàíèÿ � ãðàäèåíòíûé áóñòèíã
íàä ODT (íåáðåæíûìè ðåøàþùèìè äåðåâüÿìè)

CatBoost: ñâîáîäíî äîñòóïíûé àíàëîã MatrixNet,
õîðîøî ðàáîòàþùèé ñ êàòåãîðèàëüíûìè ïðèçíàêàìè
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Ìîäåëü DSSM (Deep Structured Semantic Model)
Õýøèðîâàíèå ñëîâ
Ïðåèìóùåñòâà DSSM

Ïîñòàíîâêà çàäà÷è äëÿ DSSM (Deep Structured Semantic Model)

Äàíî: Q � ìíîæåñòâî çàïðîñîâ
D+
q � ìíîæåñòâî êëèêíóòûõ äîêóìåíòîâ (clickthrough data)

Íàéòè: âåðîÿòíîñòíóþ ìîäåëü ðåëåâàíòíîñòè äîêóìåíòîâ

p(d |q) = SoftMax
d∈Dq

γR(q, d) =
exp

(
γR(q, d)

)∑
d ′∈Dq

exp
(
γR(q, d ′)

) ,
R(q, d) = cos(uq, ud) � êîñèíóñíàÿ áëèçîñòü ýìáåäèíãîâ uq, ud ;
Dq ñîäåðæèò ïî 4 ñëó÷àéíûõ íåêëèêíóòûõ äîêóìåíòà âìåñòå
ñ êàæäûì êëèêíóòûì d ∈ D+

q (Negative Sampling).

Êðèòåðèé ìàêñèìóìà ïðàâäîïîäîáèÿ:∑
q∈Q

∑
d∈D+

q

log p(d |q) → max
Ω

,

max ïî ïàðàìåòðàì êîäèðîâùèêà ud = f (d ,Ω)
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Ìîäåëü DSSM (Deep Structured Semantic Model)
Õýøèðîâàíèå ñëîâ
Ïðåèìóùåñòâà DSSM

Íåéðîñåòåâîé êîäèðîâùèê â DSSM

Òð¼õñëîéíàÿ ñèàìñêàÿ

íåéðîííàÿ ñåòü ñ ïàðàìåòðàìè
Ω = (W1, b1,W2, b2,W3, b3)

ud = th(W3v
2
d + b3)

v2d = th(W2v
1
d + b2)

v1d = th(W1xd + b1)

xd = WordHash(d)

Õýøèðîâàíèå ñëîâ (word hashing): äîêóìåíò d ïðåäñòàâëÿåòñÿ
âåêòîðîì ÷àñòîò íå ñëîâ ndw , à áóêâåííûõ òðèãðàìì:
WordHash (äàðìîëþá) = {_äà, àðì, ðìî, ìîë, îëþ, ëþá, þá_}

Po-Sen Huang, et al. Learning Deep Structured Semantic Models for Web Search

using Clickthrough Data. 2013.
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Ìîäåëü DSSM (Deep Structured Semantic Model)
Õýøèðîâàíèå ñëîâ
Ïðåèìóùåñòâà DSSM

Ïðåèìóùåñòâà DSSM

Áëàãîäàðÿ Word Hashing:
� ñîêðàùàåòñÿ ÷èñëî âåêòîðîâ xd ñ 500k äî 30k,
� ñõîæèå ïî íàïèñàíèþ ñëîâà èìåþò áëèçêèå âåêòîðû,
� ïîÿâëÿåòñÿ âîçìîæíîñòü îáðàáàòûâàòü íîâûå ñëîâà,
� à òàêæå ñëîâà ñ îïå÷àòêàìè

Â îòëè÷èå îò äðóãèõ ýìáåäèíãîâ, êîòîðûå îáó÷àþòñÿ
ðåêîíñòðóèðîâàòü äàííûå áåç ó÷èòåëÿ, DSSM îáó÷àåòñÿ
ñ ó÷èòåëåì, ïî áîëüøèì äàííûì î êëèêàõ ïîëüçîâàòåëåé

Ïîýòîìó îí îïåðåæàåò ïî êà÷åñòâó ïîèñêà êàê ÷àñòîòíûå
ìîäåëè (TF-IDF, BM25), òàê è âåêòîðíûå (PLSA, LDA, DAE)

Po-Sen Huang, et al. Learning Deep Structured Semantic Models for Web Search

using Clickthrough Data. 2013.
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Ðåçþìå â êîíöå ëåêöèè

Ðàíæèðîâàíèå � îñîáûé êëàññ çàäà÷ ìàøèííîãî îáó÷åíèÿ:
� ïî îáó÷àþùåé âûáîðêå ïîõîæå íà êëàññèôèêàöèþ
� ïî ôóíêöèè ðàíæèðîâàíèÿ ïîõîæå íà ðåãðåññèþ

Êðèòåðèé êà÷åñòâà ðàíæèðîâàíèÿ çàâèñèò îò ïðèëîæåíèÿ
Íàèëó÷øåãî óíèâåðñàëüíîãî êðèòåðèÿ íå ñóùåñòâóåò

Òðè ïîäõîäà: ïîòî÷å÷íûé, ïîïàðíûé, ñïèñî÷íûé
Òåîðåòè÷åñêè ñïèñî÷íûé äîëæåí áûòü íàèëó÷øèì,
îäíàêî â ßíäåêñå äîëãîå âðåìÿ ëó÷øå ðàáîòàë ïîïàðíûé

Ñî âðåìåíåì ñòàíîâèòñÿ âñ¼ òðóäíåå ñîçäàâàòü è óëó÷øàòü
ïðèçíàêè ðàíæèðîâàíèÿ, ¾áîëüøîé ïîèñê¿ ïåðåø¼ë
íà ãëóáîêèå íåéðîííûå ñåòè äëÿ ðàíæèðîâàíèÿ

Tie-Yan Liu. Learning to Rank for Information Retrieval. 2011

Hang Li. A Short Introduction to Learning to Rank. 2011

Fen Xia, Tie-Yan Liu, Jue Wang, Wensheng Zhang, Hang Li. Listwise approach to

learning to rank: theory and algorithm. 2008
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