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Sequential learning is an effective tool to solve large-scale learning tasks. However, a negative side-effect might
happen in sequential learning setting; the learner sometimes makes an incorrect prediction on examples that has
been correctly predicted. The conventional sequential learning framework neglects such inconsistent prediction
behavior and such events affect the human decision making. We propose a new sequential learning framework
that internalizes human cognitive bias. These effects arise when the final predictor misclassifies the data that was
correctly predicted. Our goal is on minimization of the sum of the expected loss and a new loss originates from
this negative side-effect. We have developed a cognitive bias induced framework as a generic template to solve
sequential learning problems with this bias. Finally, we conducted experiments in a sequential learning setting
with the human cognitive bias and showed our framework outperformed the conventional algorithms.
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Algorithm 1 4~ 74 28

n RILDEARY P VLT 2 (w1 =0 W).
fort=1,...,7 do
n RICDASIZEM X D26 ATTR7 bV (x¢ € X) 2RITIS.
WD TFRIE (g = sgn((we, x1))) ZElHT 5.
HOMIE (ye € {—1,1}) 2T 5,
TR ELE U 7M. (U(wes (xe,yt))) 21,
HARY P L EHFTT S Wit1 € W.

end for
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£(w; (x,y)) = log(1 +e "™, (1)
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T T

Regret(u) = Zf(wt; (xt,yt)) — Zf(u; (xt,9t)), (2

t=1 t=1
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S(w) = Ex )~ (W3 (%, 9))]
+‘%| ST Uwi () - (4)
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sMbizix, BEDOEFIVCTIEE LT — Y DEEEZHD S
ZEBARHRTH B,

AT YRR Z2EA L RN IE F k2 iR T
3, REFHETIIEEEISC 2EHAZER T 2720, F—
FEFUATy TORER (y & § DT 20E») KIEL T
AT Y=L, BAY FLOEFIEZ ST 5. BED
FHIEFILTIES L 72551, EARY P ZEEOIEL D X
Sy DEIGEIRELHEFTTA I LT, LVEELF—F &
LS. BAXRY PLVOTEHRIILLTD L ) ICRBTE %,

Wil = HW (Wt - CtVZ(Wt; (Xt, yt))) . (8)
IIT, q BUTOX) ICERINS,
o — ne(1+7) ?f th =Yt )
Uz if §¢ # yt

ZoHEFRICL-T, MRIZEE LT =% v OFIGRE T
KREBRBEAMTIVEHT 3,
REFHEOHEL 2 — F % Algorithm 2 TRT,

Algorithm 2 #27> D SR A & R Ry A FLRE T 12
Input: F#EHF {n}, NAR—RTX =% 5
HART P LOPIY (w1 = 0)
fort=1,...,7 do
ATIRT PV (%) ZRITHS
BEDOE TV CTHIEZ T (§ = sgn ((we, xt)))
HOWMNMHE (y) 2182
if Yyt = Qt then
virr = wi — ne(1 4+ 7)VE(we; (X¢,yt))
else
Vitl = wi — 0 VEO(We; (x¢,yt))
end if
Wil = argmin |[w — vig1]|2
wew

end for
Output: W=7 w;
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KRETIE, BLOIRMELT T4 V2EH OB AICE T
ZIREFILOBGRMNT 21T ). PRI O BN, IREFIEK
& % Regret 8 X OHRHERD EREOEHRTH L, oD
HRICED, ~EDFEBDDL &, REFHREEDHRIRAE A4
V54 VAEBOMHAC BT B ol VEEO w5
FHIE TN EZEBHARAZFEIRIND, =Y HHFID7- 0,
Lemma ¥ & O Theorem DL IZENET 5,

Lemma 1 1%, #2DIRMNE A v 74 v H ORE{LE
BRI () RHOTERT 5.

Lemma 1 &2 3IRMGEA v 74 V2 EHORHATE LN
27 —=813H 5T =554 D D5 iid Wy TLENnG LK
ET 5., ZOK, UTOEXZMZTE r(, ) PMEET .

E(x,y)ND [é(w, (X7 y))] 1 Z

I Iw:
+ P (w3 (%p, Yp))
(xp,yp)EP

= By~ [r(6y)0w; (x,9))] - (10)
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IS, BWYIRHILWT =01 Dp EEBH ZHWTUT
DAZENTE 3,

Ex,y)~p [r(x, 1) (w; (x,7))]
= HE(xy)~pp [((W; (x,9))] . (11)

RIZ, REFHED Regret LIRZFHET 2. oo, Z
PUDARENS (e, ye) 1 re, (5 (xe,02)) V& £e() & T — 2 ICBH
LURy R AEME L TR T B, O, BhORMAEL I A4
VEEE OB AIZ BT B Regret I T DA TERSI NS,

Regret(u) = Zrt&(wt) - Znﬁt(u) (12)

FREFILED Regret [RIZ Lemma 2 TEN I N2,

Lemma 2 #EFIEDOHEHIL— )L (Algorithm 2) I1ZHI ) EA
X7 PRI {w, ) 2B LR, EBR,GZHAVT w2 <
R, |[Vl(We)|2 <G, (refee —ri—ifci—1) >0 D3R TD ¢ I
BOOliZIN5 LIET 2. ne = V2R/(14+ )GVt L3E
L7z, 2TO |lulls < RICH L TUTOARERDELT 5,

Regret(u) < 2vV2RGrmaz(1 +v)VT = O(VT) .
22T, R {r} DREKMEE 7mee = max, e ERILT 5.

1P\ Theorem 1 T, REFEDHoBELME (4) @ 1FRH
N Z 2 HDAHET, REBENDOITRMEEZ RO FE2 MR T 5.

Theorem 1 7T—%23% %504 D 25 iid. I 7S
2, Lemma 1 & Lemma 2 TEAL N ETHiLZE N
LBEEUT XD I s,

Epr [E(x,y)NDp [e(w; (x, y))]]
2v2RG T maz (1 +7)
T .

COMR» S, BEFRICLDENINILEANT P LRI
D¥YE, T—F 54 D L0 ) FRERICEE T 5 57 —%
£4 P BT 2 bEE /ML T 2 BRI g, HA
I, BOBAREARY FUAOIFEL RIS, JORL — ki
O(1/VT) THB. MAT, nyry = ce BETD t Tl SN2
Rf, FHIC/NE 7 Regret B LWL — F 2152 2 EHk S,

6. EER

AETIFET—IHERICLD, BPOIRGEF VT V2
BOMAD ETONAF Tk LR TEOMR2BZ L7, K
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THKZT>7. #F—% %y FOEMIZE 1 WL TV
%, news20 & revl E =2 —ADATF IV A7 TH B,
algebra & BtA (Bridge to Algebra) (&, #5224 D& AERI-E
NDIEETFHS A2 TH B, webspam-t IF, 7 = 7 A/SL5HH
IR ETIANDLF4 75 LMERL ST R->TVS, U
Fik & U TUIIHERN AL Tk % H w7,

IR L2 D RBRE ERWICHHMET 2720, T A
b T =& 2R WIRHAS, WRICIEL (L
F— IR BRI T F L TORKDFEE 2 5n V&)
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£ 1 BT —5 1y MEH

AT =28 TAF =5 R

news20 15,000 4,996 1,335,191
revl 20,242 677,399 47,236
algebra 8,407,752 510,302 20,216,830
BtA 19,264,097 748,401 29,890,095
webspam-t 315,000 35,000 16,609,143

# 2 KTIROEBRERE LT, WIRHAEK - #8220 D 2R -
RRHHKOMEZ KL L T3 (KAEEE:).

[EEREE REFU TEH I AR Tk
[EFREEES 1.57 x 101 1.66 x 101
news20 B 0 #REK || 1.99 x 102 3.67 x 10~2
Y ¢i=PS 1.77 x 101 2.03 x 1071
LEFEEES 1.31x10°1 1.34 x 10~ T
rcvl By zhEk || 2.16 x 10-2 3.77 x 10~2
REER 1.53 x 101 1.72 x 10~1
JIFEEES 3.13 x 10~ 1 295 x 10~ 1
algebra B sk || 7.27 x 1072 1.23 x 10—t
ERSEEEN 3.85 x 101 4.17 x 1071
LIREEES 2.94 x 10~ 1 2.87 x 101
BtA B ALk || 8.21 x 102 1.38 x 10~ 1
ERESPN 3.76 x 101 4.24 x 1071
LEFREEES 4.08 x 102 4.09 x 10~2
webspam-t | 5D ZhEER || 9.21 x 1073 1.20 x 102
E3EiPS 5.00 x 102 5.29 x 10~2

ZIT, SETAMTF—FHTH B, BARY FILVER W IE
FEIIREF L N Zin2—2 Y v P22 EE v,
BEBEBICIZe Y AT 4y ZHERBEBEFAL 2. KEHIZ1
E L7 EREg =n/Vt EERL, 10° 25 1.91x107°
£TD 1/2 WADEDO T REEK 2 RAMUT 5 n DfiziE
AR, PL=FA 77 X=% 413 1 IEEL .

6.1 EERER

FERERE L 2 TR L. K2 X VRETFESED» D)
K - REERICE L CUEETFER L DV RWEz 27— &y
FOR LT, ESICIRETERER, BB EAOELE L DF—
Yy b CHEFE LRG> X DRWEZEH L2, ZoH)
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INVEOERHREBOMEEZ 7ey FLTw5s, ZOR»S,
RPHIFPATE L DO TROEED ) shEEEEZ A 7L —
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2 ) AR T B FEAR I Ntz
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