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Lihong Li et al., 2010, A Contextual-Bandit Approach
to Personalized News Article Recommendation
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Contextual-Bandit Algorithm

. Contextl§# = U\ /=Multi-armed bandit& LT
IN—Y F oA XN HEOHEEZ T/

. Multi-armed bandit|dZ|=

. BEEIAZE[1]IC 7€ > TContexual bandit & I3

. {EE_EContextual-Bandit Algorithm%"A” & RS

[1]J.Langford et al., 2008, The epoch-greedy algorithm
for contextual multi-armed bandits



"A”. Contextual-bandit algorithm
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"A”. Contextual-bandit algorithm
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"A”. Contextual-bandit algorithm
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Contextual-Free Bandit Algorithm

€ - greedy
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LinUCB with Disjoint Linear Models
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LinUCB with Hybrid Linear Models
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[2]T.J.Walsh et al., 2009, Exploring compact reinforcement-learning

representations with linear regression.



LiInNUCB with Disjoint Linear Models

Algorithm 1 LinUCB with disjoint linear models.

0: Inputs: o € R
1: fort=1,2,3,...,7T do
Observe features of all arms a € A;: x¢.o € R?
forall a € A; do
if a 1s new then
A, < I; (d-dimensional identity matrix)
b, «— 04x1 (d-dimensional zero vector)
end if
0, — A, 'b,

Pt,a < é;rxt,a + a\/xZaAc:lxt,a
end for
Choose arm a; = arg maxXac.A, pPt.o With ties broken arbi-
trarily, and observe a real-valued payoff r;
Aa,t — Aat + xt,atxZat
bat — bat TtXt,at
end for
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LinUCB with hybrid linear models
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LinUCB with hybrid linear models

- Algorithm Ti&H

N

5 /55

N -':l:-:
. THEE

3featureshHix

[F 5 Z 7R

lc 7
FEZIEWITS |

IRVANQYANAVINS

W J1T5|DSEITHDT T =

F R LRI O— RE TS
-ull-paperT)

+

—

57T (

allll

il 1

-

(-

n



LinUCB with hvbrid linear models

" Algorithm 2 LinUCB with hybrid linear models.

0: Inputs: o € R+

I: Ap « I (k-dimensional identity matrix)
2: bg « 0 (k-dimensional zero vector)
3:fort=1,2,3,...,Tdo

>

4.
5:
6:
7
8

14:
15:
16:

17:
18:
19:
20:
21:
22:
23:

—
op-l .-

Observe features of all arms a € A;: (2¢,a,Xt,0) € R¥™¢
B — A;'bg
forall a € A; do
if a is new then
A, — I (d-dimensional identity matrix)
B, <« 04xx (d-by-k zero matrix)
b, < 04x1 (d-dimensional zero vector)

end if X
0, — A" (ba - Baﬂ)
St.a zZaAglzt,a — 2zZaA51BIAZIXz,a +

T a-—1 T a-—1 1T a -1
Xt oAy Xta + X oAz BaAy B, A, Xt

~

Ptia — Z¢ oB + X{ 00 + @\/St.a
end for
Choose arm a; = arg maxqc 4, pt,« With ties broken arbi-
trarily, and observe a real-valued payoff ¢
Ao — Ao +B,,A; B,
bo « bo + Ba, A 'ba,
Aat . Aat + xt,atxzat
Bat — Bag + xt,atzzat
bat — bat + Ttxt,(_xTr
Ao — Ao + 2t,0,2; o, — Bo,A;'Ba,

T -1
bo — bO -+ TtZt a, — Bat,Aat bat

24: end for
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O1TH (A7)
T ,/[%lc =, \J% Iﬁy;& Algorithm 3 Policy_Evaluator.
_ 0: Inputs: 7" > 0O; policy 7r; stream of events
TC . '@E _Algorlthm 1: ho < 0 {An initially empty history}
4 2: Rp < 0 {An initially zero total payoff}
3: fort=1,2,3,...,T do
4:  repeat
L 5: Get next event (X1, ..., XK,Q,Ta)
1,217 6: until 7(hi—1, (X1,...,XK)) = a
BB %IRRT ZHEF 7:  ht «+ CONCATENATE(h¢—1, (X1,..., XK, Q,Ta))
: —
payoff DFIHA{L g; eml;z -l fle—1 47
10: Output: Ry /T




S 7L T X L

, Algorithm 3 Policy_Evaluator.
a7 (1)
1/1.2—HA EEA. Click (1): znputs:(bflign(.); .p.ollilcy T streﬁn of eivents
171 = 4 A T . Np « 1nitially empty history
_ /_ L ﬂA }K::B’ N(?n click 5. Rp < 0 {An initially zero total payoff}
/1,2—5B, [L5A, Click 3: fort=1,2,3,...,7T7do
1/1,2—%C, L&A, Non-click 4: repeat
1/1.2—4D. 4B, Non-click 2; (t}i;:t Izzxt eve(nt (x1, ...,)){)K, a,Taq)
1/1 71—+ 4 IRt . uniu m\ng—1, X1, ... XKg)) = a
_ ; ’:L Zi Eii (\Zlci):kc “% 7. hy « CONCATENATE(ht_1, (X1, ..., XK, @, Ta))
— 2 aEA, 8: Rt Ri—1+7a
1/1,2—%B, 5B, Non-click 9: end for
10: Output: Ry /T




S 7L T X L

JxIEEFICE T

t=1

WBEDEREI—TFAD
contextx E (T

T

EIE

07 (1)

~ TN TN TN TN TN TN

1—1A, [nFA, Click
1,2—HA, [L&B, Non-click
1,2—4B, [x&A, Click
1,2—%C, In&A, Non-click
1,2—YD, [L&B, Non-click
1,2—%C, I5EB, Non-click
1,2—1A, [L&FA, Click
1,2—%B, [5&B, Non-click




S 7L T X L

t=1

WBEDEREI—TFAD
contextx E (T

v [REBHET

ERIFLSEAZHUTEMNS
ILEBDOKRIDHARINZ WD TIEI U AR LY

EIE

07 (1)

~ TN TN TN TN TN TN

A1—HA, [LFA, Click
1,2—%A, 5B, Non-click
1,1—%B, L&A, Click
1,2—%C, IL&FA, Non-click
1,2—%D, [55B, Non-click
1,2—%C, I5EB, Non-click
1,2—HA, [LFA, Click
1,2—%B, [L&B, Non-click




S 7L T X L

t=1

WBEDEREI—TFAD
contextx E (T

T

EIE

tiE< D32

/711

Qu

B

TR
07 (1)
1,2—1A, [nFA, Click
1,2—HA, [5&B, Non-click
1,2—YB, IL&FA, Click
1,2—%C, [LFA, Non-cli

70117 <

~ TN TN TN TN TN TN

1,2—YD, [L5&B, N

1,2—9C, 5B, N

on-C
on-c

1,2—HA, L&A, Click
1,2—4B, [55B, Non-click

IC
IC
IC




=V 7

BEDERE I—TFAD

t=1

contextx E (T
T —— [NE

]
ERICILSES
AR

/

i

ofa
B%

9|

mLTHMH

BREICIENT 5

J—HA, [5B, Non-click

)

_y

R Ly

07 (1)

\\\\\\\\

1,2—HA, [KE&A, Click
1,2—YHA, 5B, Non-click
1,2—YB, IL&FA, Click
1,2—%C, [LFA, Non-cli
1,2—4D, [L5EB, N
1,2—9C, 5B, N
1,2—1A, [nFA, Click
1,2—4B, [5&B, Non-click

on-C
on-c

IC
IC
IC




S 7L T X L

BiNUE5t+]1

t=2

BEDERSEI—TBD
contextx E (T

m - [LSAL

sICA

ERICILFEAZEULTED 5

EIE

BREICENT 5

J—HA, [5B, Non-click

I1—%B, [LEFA, Click

ﬂ'

~ TN TN TN TN TN TN

07 (1)

A1—HA, [LFA, Click
1,2—%A, 5B, Non-click
1,1—%B, L&A, Click
1,2—%C, IL&FA, Non-click
1,2—%D, [55B, Non-click
1,2—%C, I5EB, Non-click
1,2—HA, [LFA, Click
1,2—%B, [L&B, Non-click




S 7L T X L

t=3

BEDERSEI—FCOD
contextx E (T

v b REAET

EIRICILEAZHUTENS
BREICENT 5

EIE

J—HA, [5B, Non-click
I1—%B, [LEFA, Click
J—3C, [K&A, Non-click

e

~ TN TN TN TN TN TN

07 (1)
1,2—1A, [nFA, Click
1,2—HA, [5&B, Non-click
1,2—YB, IL&FA, Click
1,2—%C, [LFA, Non-cli

1,2—H5D, 5B, N

1,2—4%C, [L5B, N

on-C
on-c

1,2—HA, L&A, Click
1,2—4B, [55B, Non-click

IC
IC
IC




S 7L T X L

t=100

SIRNRERZ R T
CIR=1/3 =33.3%

EIE

J—HA, [K5B, Non-click
I1—%B, [ &FA, Click
J—3C, [K&A, Non-click

:\\\\\\\\

07 (1)
1,2—H%A, [nFA, Click
1,2—%A, [L5B, Non-click
1,2—YB, IL&FA, Click
1,2—%C, [LFA, Non-cli

1,2—YD, [L5&B, N

1,2—9C, 5B, N

on-C
on-c

1,2—%A, [LFA, Click
1,2—%B, [5&B, Non-click

IC
IC
IC




Y 7R EIEBH

- (FB)RITOERZEDcOHICHER
DERFFEIEKT
[T 77— L. ZEEDE




S /7 A D A8



LV A






setup



Yahoo! Today-Module

Featured Entertainment | Sports | Life

McNair's final hours
revealed

STORY:::
d th®at L r's*alleged Killer

as losing control. » Details

C DR E =
HIHVRD B

e UConn murder victim mourned
@ Find Steve McNair murder case

StF 1(‘.1\'@111".\‘ final hours E \'\’:FB dozens of 'shooting
reyealdll stalk ight
ﬂ Cin zc:awford stays fierce g\ At 4 big moment, star

M in l&&k mini | plager ™'t around

FlicHES N3 L5E
STORYIC T K EFIRENS




Data Collection

- Tuning data: 1/May/2009

- BOBERINT XY RE (B

. 4.7 million events

- Evaluation data: 03-09/May/2009

. 36 million events
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Feature Construction

- 0N LD FE 25 DORFHEZRESHT

. Z2A—Y[X1000LL EDraw features TR 3

. demographic: R, F#D

(TOfEICEIT AV )

- geographic: -

H D 200%0T
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. behavioral: Yahoo! TOI1—HDEEZ X & H=1000/\1 F
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Feature Construction

SLHEIEHNT00E Dfeaturez H D

- URL A3V

- REATIV. T YICKBTTMIFREY D

- [3]Ic & D featureZzbinarylcencode
. &[0, 1]lcnormalize

. Y¢ BEH'1 Dconstant featured BN
FEZS (R

[3]W. Chuet al., 2009, Personalized recommendation on

dynamic content using predictive bilinear models



Feature Reduction
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random

€ - greedy

UCB
omniscient(BFENSED

2. Algorithm with “"warm

3. AVZA Vi1 —HE
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-start”
Context-free/& 7JL Jlc1—
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3 M Algorithm
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Performance Metric

- R=INDENTTav 7TV ALIC2DICHE]
1. learning bucket : ZJLOU X LAFEFE
2. deployment bucket : 77)L 3" X LASEERFE

- deploy@d ANEELLHI S KEGbucketiTa b A5

- 2T EL learningd KD ZEWEE (K DI/NS TR
regret) =R I 2D CHADERZRT




1= T7T—5 TOFER

2
18 |
—n
:1-=-(,. Bt "g?,»ﬁ‘ - — W
16gge _ _HT T X kg, R
5 4 3
14 e-greedy —+—
+ e-greedy (warm
e-gr (seg) - -* -
12 F e-greedy (disjoint) -
e-greedy (hybrid) - —= - -
’ . . . omniscient - - - -
0 0.2 0.4 0.6 0.8 1
€
(a) Deployment bucket.
2 Ll Ll Ll Ll
e-greedy —+—
e-greedy (warm
1.8 } e-gr (seg) - -* -

e-greedy (disjoint) ---3---
e-greedy (hybrid) - —= - -
omniscient - - - -

(c) Learning bucket.

A VTAVFEETI)C

¥ ucb (warm

1 ucb (seg) - -* -
12 ¢ linucb (disjoint) ---=---

linucb (hybrid) - —= - -

4 ) . ) omniscient - - - -

0 02 04 06 08 1 12 14

o
(b) Deployment bucket.
2 Ll L] Ll Ll Ll Ll Ll
ucb —+—
ucb (warm

18 f ucb (seg) - -* -

linucb (simple) ---=--
linucb (hybrid) - —= - -

(d) Learning bucket.

') Z L EZOmniscentic s> T3




S 7 — 4~ TOFEER

27—

¥

KD R)N—AIxFT—4H

algorithm size = 100% size = 30% size = 20% size = 10% size = 5% size = 1%
deploy learn deploy learn deploy leamn deploy learn deploy learn deploy learn
arecd 1.506 | 1.326 | 1.541 | 1.326 | 1.549 | 1.273 | 1.465 | 1.326 | 1.409 | 1.292 | 1.234 | 1.139
c-greedy 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
b 1.594 | 1.569 | 1.582 | 1.535 | 1.569 | 1.488 | 1.541 | 1.446 | 1.541 | 1.465 | 1.354 | 1.22
0% | 18.3% | 2.7% | 158% | 1.3% | 16.9% | 52% | 9% | 9.4% | 13.4% | 9.7% | 7.1%
1.742 | 1.446 | 1.652 | 1.46 | 1.585 | 1.119 | 1.474 | 1.284 | 1.407 | 1.281 | 1.245 | 1.072
c-greedy (se9) | g1q | 9% | 72% | 10.1% | 2.3% | —12% | 06% | —3.1% | 0% | —0.8% | 0.9% | —5.8%
uch (s6g) 1.781 | 1.677 | 1.742 | 1.555 | 1.689 | 1.446 | 1.636 | 1.529 | 1.532 | 1.32 | 1.398 | 1.25
11.6% | 26.5% | 13% | 17.3% | 9% | 13.6% | 11.7% | 15.3% | 8.7% | 2.2% | 13.3% | 9.7%
. 1.760 | 1.300 | 1.686 | 1.337 | 1.624 | 1.529 | 1.529 | 1.451 | 1.432 | 1.345 | 1.262 | 1.183
e-greedy (disjoint) | 1o ga0 | —199% | 9.4% | 0.8% | 4.8% | 201% | 4.4% | 9.4% | 1.6% | 4.1% | 2.3% | 3.9%
linuch (disjoint) | L-795 | 1647 | L719 | 1507 | 1714 | 1.384 | 1.655 | 1.387 | 1574 | 1245 | 1.382 | 1.197
12.5% | 24.2% | 11.6% | 13.7% | 10.7% | 8.7% | 13% | 4.6% | 11.7% | —3.5% | 12% | 5.1%
. 1.730 | 1.521 | 1.68 | 1.345 | 1.636 | 1.449 | 1.58 | 1.348 | 1.465 | 1L.415 | 1.342 | 1.2
e-greedy (hybrid) | “o2™ | 147 | 9% | 1.4% | 5.6% | 138% | 7.8% | 1.7% | 4% | 95% | 8.8% | 5.4%
inuch (hybrid) 1.73 | 1.663 | 1.691 | 1.501 | 1.708 | 1.619 | 1.675 | 1.535 | 1.588 | 1.507 | 1.482 | 1.446
8.4% | 25.4% | 9.7% | 20% | 10.3% | 27.2% | 14.3% | 15.8% | 12.7% | 16.6% | 20.1% | 27%

random: 1,

omniscient: 1.615
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Figure 5: User maximum membership histogram.
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* Lihong Li et al., 2010, A Contextual-Bandit Approach to Personalized News
Article Recommendation

- http://www.slideshare.net/tsubosaka/contexual-bandit
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