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ABSTRACT

In the era of big data, a lot of information is contained in a large amount of imperfect data.
In order to extract useful information from those data, machine learning algorithms should be
provided with the abilities of both data selection and data learning. To solve this problem,
drawing lessons from the principle of human curriculum learning, which is to learn from sim-
ple to difficult adaptively, a new learning regime called self-paced learning(SPL) has appeared
in recent years. SPL has developed rapidly and made extensive applications in the fields of
machine learning, mainly including semi-supervised learning, weakly supervised learning, ro-
bust learning, and very few samples learning. This paper surveys recent achievements and
related applications of SPL in machine learning fields. We review the classical curriculum
learning and SPL regimes, further, summarize the internal prior knowledge utilized by the S-
PL and external curriculum prior knowledge utilized by the self-paced curriculum learning,
SPL with diversity and self-paced co-training. Current advancements of optimization theory
regarding SPL are introduced and united together under the concave conjugacy of SPL. In par-
ticular, we first raise the probability viewpoint for SPL, obtain the upper bound of the optimal
performance as well as the influence factor of SPL and render a general probability frame-
work for SPL. In the end, we look into the future of the SPL in the closed and open learning
environment. The general probability viewpoint could motivate the design of the easiness s-
tandard, the formulation of novel data selection principles, the integration with other learning
algorithms regarding the self-paced methodologies which would further benefit the promotion

and applications of SPL in practical problems.

KEY WORDS: Self-paced Learning; Curriculum Learning; Machine Learning; Artificial Intelligence
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P B B IE 0T, 3 SIS e BER A At AT 1A B X I8 281 B JASE A 1) 8 51 ) 22 R 12 TR T
TXBE I ) 22 B PR S 56t AT DB AR Rk 3 A 1R 2 STREAS I 2 ) 93 A7 Al g 8 128591

16



3 FOolIR S RIS HP Y
AR AT REAHIE, B HAR A 22 A IR ST 30 T DU AL R R B2 M AR N PR ARE 5 BEAL AR A

FETEAT 4Pt — 2B HE

2

/

oy

3)  RIEKTESRR

A 2 A AR AR A AN R 1 BE AL R AT P RN SR I e, 22 MREE 2 Ta) 45
H T SRR RE S AR LM AN TS . JE T, Ma SN ORI T Bt se e, fh 1K M
AMREEVLA BT T REA M HRE o A o@ R 7 9 B TE OGBSk AR H T Ik
PR B TE DI — o™ 0@ HL0T R f 35 2 5] R

2 n
inf DL(f;, %) + Rr(f;) + Rsp(v, A) — no® 0@ 3-20
fe]—‘,lvne[o,1]n ; ;(Uz (f:20) + Rr(f;)) + Rsp(v, A) — ot o', ( )

AT UL IR SR A A QBRI A T AR LA AR 18 2 RS A0 I8 SR I 1Y) 1 20 1 0 3
R 2 HUE/NE

XA RIS 5 R AN AL AN RACBE R AR Bk R, SEVEANTN B D SR R ST 1R
SAETE T 43T

4) Ot MELR

MFEA AT SRS B O T AR A A 1 o Al BAT B SRR B T A R P S IR AR
Ao BOE UL ST R SEREAS (R 23 73 A A2 I 22 AL R AT — 5 (R SR PEND G T 1,
Meng 5¢ NP R, 82 H AT DL A 2 18] AR AURE S b B RE B L AT S i 15 5]
o' Lv, BN ES SO VESCIR I B 25 IR

5)  EMAVESEER/E S N — B S
B SR 4 4 TR i) R (] VA SRS TR ) o) R, BRAS AR A IR AT SE M S LR I SR IR 43 A
RS EEARAERT LR 2R o A B SRYE AT DL JUAS B AR B il 23 16, SR B AR TR] S A B
AR AT AEAT =, XN B TR R ORISR T kA B,
{ir ig, -+ ,is, } ARETH ¢ MEARKIECOUT AR A5 ) A
inf{ inf}{sll%sp(vl,A)4—v1j;:_L(j)z1j)}+~--+1%2%£”{sk1%5p(vk,A)4—vk:;é_L(f,zkj)}—k}ip(f)}o

€F v1€0,1
f v1€] j=1 7j=1

(3-21)

MR — AT, AR TR B MR 0 2 ST 5t 2 I AR S R, RIS 3R
@ 1ZSCEA, ICML2017 WCRAH B BE W A i 2R A FF

17



P ZAZE KA RHE L B (B30

TN RFNERFAD TAES T, S IREB 0 B R E A R, A4 et Rl AL B £
R RIEA, BIFE - AMESS 2 SRR B 3L 1 .
SARTESE IR AE 55 N — BUE SR 56 AR Al UK D I S 8 B, A Bh T
WG IR AR . EVEA LR BN 1 SRR SR IR TR S A F Y 41T
F AR R A B N GIN T2 S H, R R IR . X
BRALRSRAE, AN, Aok TR MIBkER, HEHZATRE XS T R B R 1S R
FIAIR. 9 7 AP RO B B 2D 22 ST A, SEINTR AN B IR PR AR R A V) /5 2 .

18



4 AP GRS NER AT

4 BB SRS NER T

4.1 HPEIEMMA A2

BB SIEN R s BRI, 51k T AT B2 S M ER R K E
RN I FE S HEANE 2 . Meng 25 N, MARAL A FZ H R IRV T B P22 SR A
2o MATRILE D5 2 AR TR MM 5 ik (TR s IMETTE) 1
H— AR B AR, Fa(l) = [ o\ j) dje THXANERA B BR RS0 IATE
5 GETH LA 5 >3 A P AR R AR S T 0 S840, R H— 2 L 2 I TR 1
B3 H AR R B e AT — 28 H A AR O R AR ST IR AE S SC L — — X RL. XA R AT B
AR B D22 S TRERIRAEYE, Rl 2 — 2o e 12 ST, B SRR 1A AL
BB IR A

Fan 55 NPTV G5 — A B2 4R 1 B AP 22 51 iR 88 58 48 e &% FE A (0 B0 oR 4K
v*(A 1) (AT 3-16) FrifisE, AT M IEHEAT 2 R0 AR AN [ A E R AT
H D S IE NSRS R &R, S 7 B3] — R RN,

AERMNB DI H bR B &, RN B D2 R E RSk, # N
TS RO Bh AT AR A D A SRS R RS . BES MR A LR B —Fh 4t
— HE IR LM BES %, RFEBIRA T B 2D 22 S R0 A AR ek 2, 75 B 3RAN
B 5] I RE AL pR H) R R e ?

BT LU, $ERRA A AN, EREWIAR ERIFER. A
I,

o}

o WSS EE D UL P S ST R R eR H b pR ) 3 ARG MM LS,
o REMSREAEE pRA, KRl H AR ek B A E B IE IR ST B R B R &R

o BEWS ELERHET BB DRSS S MR ZR Z b, R REURAE SR B T I RE A 52
M,

« BEML U B 20 IR W TR S5 1

19



T 2B AR L BT (830
« REWS O B D IE NI TSR Bt BB H AT A 96 .

PR B 2P ] SN IEEAR 58 R Ah &, R4 N B D2 S ML

4.1.1 HBEIPMILHEE
1) [Ud4E
EX 4.1 (VIFEHE) K g(v) HITHEHEE X

g°() = inf {(v, 1) —g(v)} (4-1)

VERNT

WA 31207 LR, 855 51 10 B o8 46 TR A v 56 4 T Uk
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ST BB SRR AR HERI I 18, TF R 25 ST RO B

42.1 MR TFIIRIE I T AR ?

BTHURE DML WS R S S A 155, fkmE,
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SEHTREE: [ B APIRES Proderr RS BIE N E 157 2] EREE Q)
SOFAREL: [ e IZRIREE Qnr WIZRARER, BB AT Proger
until H 5 bR HeE T ik
B RAFERZSEL A
until Ji# & Y ZRAT 55 B4 1564

H 2D 5 3 BB AR R 75 B 45 5 AR ) FUNT BLAAR (1 S5 38 0 R — 2D i 8 YR A i
T AR AL, BALENTE N, F55 . NIE3RATE S0 i e brid
M P 5 ARSKRAE A DL T 1 25 2 I MR, A B 22 SIAR 55 N B B 2 2 SR

HEH
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P A0 ABL AL B (150)
424 HRICHEF 5IMRFEAR
RSN ST AR5 QBT RER A REA S ()i = 1,--+ ,n},
EAERE A 5 LI IBUE N Qx (2, yi) = vio FATHIF SACEL AT pnodery xw H
W S, A TATAT LS ThR 10 M 7 AN SR SRAE AR 1) 27 2 o) e 3 J
PRICHRFE 55N ) B 3P IR R A

QAEIQTR%/EW EﬁUNQAXD(QAY|X:x||pm0d€lY|X:x;W) + R(QA) + RW(W> ° (4_32)

AL — LR R (1 PR B AR IR ) LR U R 1 7

1) FREIEN: Ro, (Qx) = —H(Q»)

BRI IE U AR 51N 2 (450 T IR AR 50008 5 20 B i vh 2> S 38 53 40 A, BB
B EE NS 23 BRI T T R o AR AT TR 1 T LA KL 502 A o DRt SR A

BRERE: BEFIRLANEE

omin - By D(@xyix=allPmodety|x=a) — H(Qx) + Bw(W)

s.t. v;>0, Vi=1,---.,n
o vi=1
IVllo= A

Forh A RS ARG 1 50, BHADE L.

YRR AR FE 2B T B QuIV) + S0 Qy SRR, A4 75 35 AR A Ay
Doty (0sles) WAL, ST Doy (viles) CHEAIRHEILAT SR REABT 847
RIS A MR 0, = g b JEREER 0 1)
GEET

WERE: HEFRIFANBENETEE

min EENQ)\XD(QAY|X:x’|pmodelY|X:x;W) — H(Q»x) + Rw(W)

Qr,WeWw
s.t. v; >0, Vi=1,--- n
D vi=1
vizoorvz-:% Vi=1,---,no
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Hop A\ B EFEARSCERIVEGE N 1 8 n, BHUNDEZ,

XPNR AL RE (BB TR QW)+ JRIAEA 2 THRE T IR BMAEASE, [Fn
FEARR Z ABCEANSE . 2% Qo SRIEN, RFXT podery . (ilz:) (FEASKIE L R]
SERREHET ) HEHAT KBV AR G IR B RT A AR R v = 1, AR E R 0 B11G
B AR A o

2) SLVIEN: Ro, (@) = log AQullx

LIATE IR, FreE IR AT SE MR BIFRHE, T A KIS0 A 1) — 1k
I, A LY IR Y — S AR R R AR B IR . RIMEGEE Qa (i, vi) = Chwiy Oy NIH—4L

WRERE: BEFE IR TR RE

ve[0,1]* , Wew

min S v 10g Prnodety xw (¥ilz:) + Ry (W) + (log M|V |1 (4-33)
=1

Forp N ARERTE E e vl S R UE SR 0 ) 1, B MKRE/N
SRR BT oW+ RIBEE, 0 (Pmoderyxaw (Wil2:)) = Lo, B
BRI VANZEMHRER KT ol ZEVERE N, AN R AEA S 2 I N B R .

3) ACEAMEIEHL

— B B IHIME DY B R B2 AL BE 1 52 TP UAE A L BEAT I 2545 B 7Y
SH. PRJE BTG N A HIAE A A AR B PR AR AR S I T SEPERE R X\ ARHE, JF
A EIEACHI V20K T BAE 2 — RIERAE Qx AR A7 3R, DL A AT
REINGR. XFEREE IR, A7 TAREIE B A4 1R AR (e .

42.5 FHEF

B BEFT A AT AR R RE A (9 20 A5 52 praver xy» 10 AR AR EE 19 FE A B 7R 25 H & N
Az R LR FE 20 AT Qa, B BT BE R 9 R FR 1 R A 55 B AT R L) AT R 3l
{(xwy])h’ = 17 e 7nunlabelledaj = 17 T |y’}’ ﬁ'fr]ﬁ‘]%;”fﬁ@ﬁj\%ﬁ pmodelY|X;W EH w
ZHk, TR BFAAREREARE BT Pad

1

pmodelY|X;W(y|x)

RP(PmOdel) = E(zvy)NplabelXY log (4'34)
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RARSS Zm, B2 BATT AT LCRES 2 B ) 2 3 il FSALL T b i e o O ASE R 3 37 D75 3%,
£ N0

1) FREIEN: Ro, (Q)) = —H(Q»)

WREE: BeFIFANHE

1

pmodelY|X;W(y’$)

mln E(xvy)NplabelXY log + RW(W)

Qx\,Wew

Nuynlabelled
— (£,

+n NQ)\XD(QAY|X:CE||pm0d€lY|X=x;W) - H(Q/\))

Niabelled

s.t. ,UijZOv VZzl,,n,ijl,,]M

ZZ]':1 vij=1

VIe=A -

WERE: #EFIFEHENFTRE

1

min Eione log + Ryy(W

Q\,WeEw ( 7y) Plabel XY pmodelYlXJ/V(y’x) ( )
Nuynlabelled

+ 77—<E$NQ)\XD(Q>\Y|X=$||pm0delY|X:x;W) - H(Q/\))
Niabelled

s.t. v;; >0, Vi=1,--- nVji=1---,|)

ZZ]’:I vij=1
vy=00rvy=3 Vi=1-- nVj=1-- |V

2) fLVIEN: Ro,(Qy) = log A|Qxl

WRBE: BEFIRANTRERE

1
log + Ry (W)
pmodelY|X;W(y‘x>

min E(m’y)

~Plabel
UE[O,l]nunlabellﬁdX|y|7W€W abet Xy

Nynlabelled |y|

(Y Y —vi10g Pmodery peaw (yi17:) + (log )[[V11)
i=1  j=1
HH T I 5 20 B 5 B TCARTEREAS AN 8 r s, (049 L [FIRE ] LUK P B 24k €
N EGIEE GRERD WA ERIEAT G BIMER) B 255 2 I 2
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RERE: BEFRIREKEREERE

1

pmodelY|X;W(y|$)

E(x,y) IOg + Rw(W)

min N
v€[0,1] unlabelled W EW Plabel XY

Nynlabelled

+ 77( Z /UZH(medelYLX:IZ,W) - )\||V||1)o
=1

Horp N RS AR ENE (RS BIME, WHl[0,log|Y], ZIEMNEIK,
XERCRAFERE (A28 T 0, o KIS E],

vi(H(pmodelY|X:xi;W)) = 1(07)\) (H(pmodelY\X:xi;W))7 (4-35)

EI R AR A S RE LN T N BRI A% AR AR I A BERAE

3) AREMMELEE

ARE R RIE — e i PR iz AL RE T 1 22 SIHULEE A PREREAS EREAT IR 21, LR
BRSNSy (AR S A R ] SRR A B @ ARUE M TG L, 3820 BN
MM ARPERE A, BB IENTNEE R — KA REN TR XS S]
AR, ABIT A IHE R A A R AR AR

B 1 B TR RS, X T R 5 S RS At R BLAZ R RO AR AR TE IR A A
2 i AL REAT D5 by 28 R R AR ic e 7 5 S ORFEA IR AR BT iR AT A 2, LA
AR 2 SRR

42.6 Sl E2]

IR S B S MRS h EE BRI 2 bric e s, IR AT LLHZE NETT 4.2.40F
WA . I B BRI P2 AT RS R o 4T 4.2 5K T . ISR BB IR
(AR5, S 2 AR 0 = PR T A B, 1) SR BT 5% o 75 VRS T R A0 )1 5 )
s BAnE R By SRR SS, HOM RO R A EH IR KRTUR MR, T E
I GRAEAS S B 48 8 WT SR 1 BB ) B A2 5 ST 78R A] AR G- Bk TU R FE A  m] SE 1%
EREA T TINZR, DA TT/E B 47 2R

4.2.7 T A [A] AR Y
T SR U BT O ) 4 28 ) A B 22 ST 1R EE pR BORE FR AR ONRFE (R BRI I B 4
i), B4 BH R OB P E R A BRI AR . IR X R PR g A 2 B R
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P S A A (1830)
B A O, (FRA T 55 31 e P (0 SR T AT 5 — L6 78 )
XA M A R L AATAEAE 2 MR A 55 SR AGE 5 0 128 35 [0 U R S50 452
KBl LY 8 L2 45k, (BIXAEESERE T & MEA RIS & 2R — AR5 Z &
Wy A BCE P R AT . SEBRIE DU, Bl B AT RE N R A%, e A M ok
BT A FIRYE, AR PG, XIS AT S 1A P VRS 5 v 4 A 55 A BB RS T 1
FHEAT IR X MAE SRR, ARIRA A B — A ER A H RS,
ORI B RS E DL I B 25 5 S A% 3K

1) BEARMERB
s Y e I v, X RN E, BORERR
EPEEE S 3

Y = f(X;W)+¢ (4-36)

RE A

elv ~ \/Ee_”EZ (4-37)
T

BENLZR R BB ER RRB, W T,

&l 4-1 PR S ST oG R R

P BB o MRBEFHEARBIRGEL, 10 HrA FFEA KR AR —A> 0,1] Z T8I
B AR py o (RIREARRIREE A2 K ED
A R IS R e, TR RS AT A AE T Y ERL 7 20 fif

Pvwxy = Py |X,V,WPVPXPW o (4-38)
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WAL T W,V ERK)E S Al TR LS 2,

pVW\XY(U»w|fEa y) (8 pVWXY(U,waa y) (4-39)
< pyixwv(ylz, w,v)py (v)pw(w)-. (4-40)
A,
arg SuppVW|XY(U7 w|z,y) (4-41)
= arginf—Inpywxy (v, w,z,y) (4-42)
= arg ivnwf— Inpy | xwyv (y|lz, w,v) —Inpy(v) — Inpw(w) (4-43)
1
= arginfo(y — f(X;W))* = 3 2 — Inpy(v) — Inpyw(w)e (4-44)
VW m

7] I B T Bl ML AR & B e 50 AR e 2 8\ i, B4 B P I W IR
Rsp(v,\) = —3In2 H o € [0,1], T —Inpw(w) i 7 ERSHH IEN I, T 215 2
T 1AEEARR A B ) e R A 2

arg inf v(y — f(a;w))* + Rsp(v, \) — Inpy (w) (4-45)

ve(0,1],w
X 0 MEARTEN, B Xp = (X1, X0), Yp = (Y1, V) M Vp = (Vi , Vo)o

FAAR) W] LLAS 21,

arg sup Pv,wp|XpYp (Ud, w|37d, Z/d) (4-46)

Vg, W

L. v
= arg UI?EJZ vi(y; — fz;w)) — 5 ln%) —Inpy, (vg) — Inpw(w). (4-47)
PRL Ik 5 ¢ T LA ik

argmvaz yi — f(xi,w))? + Rsp(v, \) — Inpy (w)» (4-48)

Tt A E IR TR B 3G, W T R R R R R, R SRR A E]
CAERME N R FEAINAG B CRIME R i K e i A . BT X B AL s, B 25
I R SE s (FY 33,1148 2] T MRS EREN py (v) SRR XL R
T A S 36 D T DA L0 82 38 2% A e Ak N B R RS FE S B 3 2
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Bl 4-2 i P o o ) P A Bl 4-3 ARk S i LAY
— BB RS S B MR AR E S 38 I N H A bR B0 W ) 7 S 56 5 R 2 AR T

K P Lo 2. M ERIZE R, IR0 SEI I AT DUEAS H b e8 BOE finr
T, R R AR AL A H 2 KK

4.2.8 FEAIGFE

H D5 5] HIE N A R EE. (BRI OB AR AS) BIRERE, AR PR AR AR P AR 2
AR A — AR HE TS PE AR E RN SR 30 F IR I FE A IR BRAE 55 . I B 22 Je 5e ik A\ ] DAAE
ARG B INAT AR S5 B R, filan 5] NFAI g Je e, g N5 2 AR
HFEA I I 4%

4.2.9  URAEIGI0 ML A L

1) ZREESGE S50 Ll

i ALY P 5 2] I AR A SR PR AR SE W] SRV RO AR AESR H & BLURAE T R 2 A3 PR
FEII AT IR A S LB 5 SE PR 7 252 ST BOREAS LU P2 A A 22, 455 ST i A Al 1) T 27
YRR SRR 2], SR IR AT AT AL AAR B AE — L2013 AR R RE A 2R3
MBS ), RIEAE S PR e 22 SR R . R, A SRRl kiR =
FUE SORFRIE R, AEHAF A RS b 2 o . AR 10 A B2 B AR5 22
REJEZ AT v] LLEFEAF TR S HIbR i

IR 2 S I FEABCEA (WLFETT 4.2.4.0) SCEA4RE % I FEARS R A n] S
B (LTS 4.2.4.1) K957 7] DB @ v BN S0 1) 4 8 Hos: (L) roREAR
LIPS IR IR o

X TR S IR AR R AT S B AR (LT 4.2.4.2) , FRATAT DATH S H
Cit =N v Qo (y) = O\ ver Horh s, ARESERIN y MIREAA S
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A M 24 T L3 R IR AR BI S IRY poraey 2 WTEE ISR, — A~ B AR 1E 350 AT

ly‘ E ij]%&f(%‘:%lj D(ptrueY“Q)\Y) o EﬂﬁﬁD‘Fﬂgﬁ?ﬁ%ﬂéﬁ

D(ptruey ‘ |Q)\Y) ptrueY Z ptrueY 10g M Z Vg X — Z ptrueY 10g C)\ Z Vejo

yey yey

(4 49)

SR log Oy ARG MELLSEAT o A T SRR IX A Il @, FRATT B /N IX A ] L)
¥/|\J:§|QIZI§&,_ Zyéy ptruey( ) lOg Zz 1 Ugio

n

I _11 mode . il 1 )\ V D rue °
L (D —vi10g Prmoderyxcw (ils) + (10g V[V [11) + BD (piruey ||Qay)

=1
(4-50)
W4 b5 ERRER R AR,
m£¥}m91mmmwm Bgmw mi%o (4-51)
LA I I R ] LAREAL DA (Y] A ]
inf Zv (log A — 10g putassisier (4]243)) = Bptruey () 1ogivyio (4-52)

vy €{0,1} <

_I’J: lyla e 7lysy /fﬁ?% (log)\ - logpclassifier(y|xyi)) {Z - ]-7 e 7Sy} U\ﬂﬁ?ﬁk?o iZE
A/ m i1

1
BptrueY(y) lOg(l + E) < ly(m+1)7 (4'53)

IABABIE v, vy, = 10T i <m I H v, = 0% T j > me

MNIE U B0 R AR P LU I, W2R prruey (y) > 0, B4 y XA L 204
—AFEAR M SRR S o I FLSORI R A ORI FR B0 2 R TE IR —[[0]]0.5,0 AT
vl A RS, BT TR 2 R I AR B AR RIS T Rl A
ZREPERIIEMI — S0 pilog 0@ |1

2) KB SRI MR RS

W15 AR EAH A 2 S R T B AT 2 2D R . 42 AMRER R & 1ok
EE R A R CE SRR SR X T RBeE BRI, B i —Fh
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DI NERTTE . R EIAS T NR IR B, BB,
DU ST A RE S R DU 25 B s R AR T (1 2% AF AT R &

Pmix y|3j Z’]rzpagent y|$ (4'54)

T 2 B AT HE TSt 2 AR AT S22, S mapagent, (yl)s R
RAEZARERS

F1 05 D 50 1 5200 24 e 254K 6 57 9 6B % MRS 7 B A4 B0 A MO 4
KAV 2, TR FT 7E 24 B AR A EM A o m, e N
CHIERD M7, BB 2 € {0, 1) HBREAE RAMG IR, 2 — 1| 20535
BEASK IS kARG, LK 2 — 1. 354 FEA IR EM SR,

E-step:

E(sz> - ;{Tkpagentk (yz|l‘z) . (4_55)

Zj:l TjDagent; (yz |$z)

M-step: %5 & IRFEZE E TG 0 T AP B (LEE7E4.2.5.2)

Niabelled Nunlabelled

Ey Z logpmimY,Z|X;W,H(yi7Zi|xi)+7] Z Uz'logpmimY,Z\X;I/V,H(yiaZi|xi)

i=1 i=1

Niabelled K NunlabelledtMiabelled K (4_56)
Z Z Yik 10g pagentk Yi ’.’131) Z Z VikVi 10g pagentk Y; ’zz) o
=1 = 1=Niabelled+1
il
Niabelled nunlabclled+nlabelled
Ny = Z Yik + 1 Z Vik Vi (4-57)
i 1=Nabelled+1
N,
Th = —e s (4-58)
Zk:l Ny
ST AREH ) 26 A o A SR B MR S5 AR O3 AT B R AL
Niabelled K NunlabelledtNiabelled K
Z Z Yik log pagentk Y; |$z) Z Z Yik Vi log pagentk (yz |IL'1) ° (4'59)
=1 = 1=Niabelled+1 k=1

R SRR B S 3 e M AR B B AN [ A FERAR THCBR I 22 2 RO, B4 B
EF e E ARE A MR k. Kol TiERE kR .
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3) ERIEN

A FARHEAE HoA B 4 AT 55 L E @32 VARG RIIIZR, B A07E imageNet 4
etk EUNZR ML, IR ABEAE S A RS MEWE % Eak. s iymn
DB BAE S SN R, ML TRE MEMLK R IR, R
RER HAREE P2 I8E ). WM IRk B, B EERNEdE L, ZARAH
AL RS, R EE R,
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5 BIHEANELERE

H D5 X — 1R T AMEi A BT IRIESE I AR, O ET AT
R CH W EDRE Proder(y|z), A REARMSGIR IR BD % H & KERAET,
Ho b 7 B E RS, JF HERR 7R B S B TR . B2
I A B 1 R RR A AR A IR R, P B2 52 2] IR B N Y 2R R A
EHRHAE

H D e B 2 5 g9 B2 S AR 2 31 25 22 3] L BUSHE AR R E IR
R, IS ENE T B35 S0 T8 B AN E B RN 3] U] DU AR 4 13
FIE, 53— J5 AR W] B 2D 22 S IR AT 55 BT B M 3 R L AR E B2 17 X TAE S5
ATz [R5 2% S RIERS % 3] (Transfer learning) FIFC A 145 H MOV A 28 T
RO FEAR S 5 I B BT AR

R P MR X RAE T AP REL, BATRR, ATl
I R ERRE SRS, EP S S MSEHEVE AT B 20 2 2 bt g — R Bl . B P22
Wit — bk e, TR <& BT HIR R g8, JREREE ) A A )

M RS S .

51 HEPFEIJERIES

511 RRRE

AP e 2l R, SR B i) SRR (B AR 70 Ah) o4 e ARER 1 2%
A E A R AR Sl B Y IR R ML = . Liang 56 A8, 7R 52 5] fE dofs
SRAFHIBCERAE RAE B 3 AT R 2, B BENLYE Sl N 2 b B2 o 2R 2 S) 0 R b i BR AR R
PA— € MEZRAE J LA PT A8 BB 0 57 > 20 AR EAT KA, VT RERE (115 75 ) I A2 P RE g A7
EBEZHRE, AWM R ge o B hnr e,
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5.1.2 NZZIm

Fan 55 N\ B4, R IR BE 980 31 BT LN Zh— A E B E & A H0H I 4%
MUMENZ T Wk A 2552 2] B 1E N RS R A 22 i, AR TIRZ
RAPAHE, IRZ € REHESE, NG EH R, DU AACE R 2 5] 1 38 1
R, I HRER B = RO, Alfee oA B X IIRRTT 1A .

52 HHMHENHEDE

5.2.1 fmbriczE>)

kit 2% >) (Partial label learning) , XN 23], WETHdE EA e R
R wbrids ], WER MRS —Mrikbnid g S, Kb a4
brid R B IbRid, AHRRAES 0 T IXREAA BOC BRI AT 5 ), LRI
T e

MARFRIC S 3T 18 E AT DUR IR REAS LS — 52 AN E I, T AU =5 22
A g 3t Kl (13820 2 ST HE I A 1 s he i .

X AR L ST, — A BB R A 5 AR R Ar vk U AT LR R Y
H (Ypredict| X, candidate label), — CBF CORIAFE AR 32 b 1o S8 AR FI AR 0 UMD 8L
Peexs TACEEA 5 N A RE A AT 22 211 25, W] DATIUAE 21— Se R XE R AR AR
KAYBSCR BN (HEFEAR /N o PRI E 2P 52 I IR R W RER =+ 20 A T

Frics > 1),

522 MeEbRidEE Ik

H 25 5 2R AL G 1) 2 3] 7 VA AL T A7 AE AR T M 5 (1 5 2] I R, — i@l
SRR R B, B TR A 7 R P . ER AN IR 2 ST HE I A AP AR
TRl RN FEA IR A B X AR G #EAT B AR, 43 n] BE Al LAERS 5% 2T L
P I RCR L,
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53 JFHCASE NIBE D]

FEIFHCASE N, KERANESE R 5ES LR, —PEA -2 mRE, x4
I A T LAAR I [ 20 27 31 05 08 B ME 2 RE FEAR EAT T SE bRl 2T H B AR 1% 0L T
FEASEAT i e AN 27 3]

XA RUT, FERATKEEFNE%, £ EfERRET, X TERE
HBHE BRG], TR, PhikE CRGER, R g ICRAEEIIE T .

Pathak %5 A B¢, 7R354k >] (Reinforcement learning) [HEZL R, OG-
OIRBN IR R AL LA B AE PATAESS AT RE W I — E ARt & . T
IR, b A U 2D 22 31 7R R T RERETE URIF 45 &

54 HPEAHFATFEHENE G
(9205 S R — S HA 7 TR 4 A 2 AT BT T 0.

541 BF¥EAH5EES]

Lin ZE N1, K E5)% ] (Active learning) FIE B2 ML A, RETF2¥4%H
CEAL— FEEINE, K E CRAIEERRNNEERY ], JFRZiS KA T e m
TIRM N ERIE S XA IR A TR SO RE AR 22 3 5, JF B
2 BN FH S () A2 55 4

542 HIEEIE5THF]

52 S I O FE TARBL M B3 . SR 5], ml LSRG TR MRS 10 E
BB AR KR (Representation) , T RIF A AHAES L. —NMIAEFESR
5, PRFRIFRHE AN 2 AR R B 2B = I WRE ), XK AT Re s R E IR I 25

Tl B B S R .

543 HPF 5N

T 2] (Prediction learning) & JG Wi B o ) IR 1) — FPfiT A&, IR 75 1T AL 45 % 47t
A AR AL BT, S AL B8 ST I B A R R, D ) AT RS S BT SN
5 B (0 A T 0000 A0 A 8 i I 2, A T DA B A A A B b B S R
R

40



S 3k

225 3k

[1] Bengio Y, Louradour J, Collobert R, et al. Curriculum learning[C] // International Conference on Ma-
chine Learning. 2009 : 41 —48.

[2] Pan S J, Yang Q. A survey on transfer learning[J]. IEEE Transactions on knowledge and data engi-
neering, 2010, 22(10) : 1345—-1359.

[3] Kumar M P, Packer B, Koller D. Self-paced learning for latent variable models[C] // Advances in
Neural Information Processing Systems. 2010: 1189—-1197.

[4] Kumar M P, Turki H, Preston D, et al. Learning specific-class segmentation from diverse data[C]
//1EEE International Conference on Computer Vision, ICCV 2011, Barcelona, Spain, November.
2011: 1800—-1807.

[5] Zhang D, Meng D, Li C, et al. A Self-Paced Multiple-Instance Learning Framework for Co-Saliency
Detection[C] //IEEE International Conference on Computer Vision. 2015 : 594 —602.

[6] Supancic J S, Ramanan D. Self-Paced Learning for Long-Term Tracking[C] // Computer Vision and
Pattern Recognition. 2013 : 2379 —-2386.

[7] Huang W, GuJ, Ma X, et al. Self-paced model learning for robust visual tracking[J]. Journal of Elec-
tronic Imaging, 2017, 26(1): 013016—-013016.

[8] Zhang D, Meng D, Zhao L, et al. Bridging saliency detection to weakly supervised object detection
based on self-paced curriculum learning[J]. arXiv preprint arXiv:1703.01290, 2017.

[9] Sangineto E, Nabi M, Culibrk D, et al. Self Paced Deep Learning for Weakly Supervised Object De-
tection[J]. arXiv preprint arXiv:1605.07651, 2016.

[10] Pi T, Li X, Zhang Z, et al. Self-paced boost learning for classification[C] // Proceedings of the Twenty-
Fifth International Joint Conference on Artificial Intelligence. 2016: 1932 —1938.

[11] GuN, Fan M, Meng D. Robust Semi-Supervised Classification for Noisy Labels Based on Self-Paced
Learning[J]. IEEE Signal Processing Letters, 2016, 23(12): 1806—1810.

[12] Jiang L, Meng D, Yu S, et al. Self-Paced Learning with Diversity[J]. Advances in Neural Information
Processing Systems, 2014 : 2078 —2086.

[13] Liang]J, Jiang L, Meng D, et al. Exploiting Multi-modal Curriculum in Noisy Web Data for Large-scale
Concept Learning[J]. arXiv preprint arXiv:1607.04780, 2016.

[14] Yue Z, Meng D, He J, et al. Semi-supervised learning through adaptive Laplacian graph trimming|[J].
Image and Vision Computing, 2016.

[15] Lin L, Wang K, Meng D, et al. Active Self-Paced Learning for Cost-Effective and Progressive Face
Identification[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017.

[16] Zhao Q, Meng D, Jiang L, et al. Self-Paced Learning for Matrix Factorization.[C] // AAAI. 2015:
3196-3202.

41



P ZAZE KA RHE L B (B30

[17] Avramova V. Curriculum Learning with Deep Convolutional Neural Networks[D]. Stockholm : Royal
Institute of Technology, 2015.

[18] LiC, Wei F, Yan J, et al. Self-Paced Multi-Task Learning[J]. arXiv preprint arXiv:1604.01474, 2016.

[19] LiC, Wei F, Yan J, et al. A Self-Paced Regularization Framework for Multi-Label Learning[J]. arXiv
preprint arXiv:1603.06708, 2016.

[20] Zikeba M, Tomczak J M, Swikatek J. Self-paced Learning for Imbalanced Data[C] // Asian Conference
on Intelligent Information and Database Systems. 2016 : 564 —573.

[21] Meng D, Zhao Q. What Objective Does Self-paced Learning Indeed Optimize?[J]. Computer Science,
2015.

[22] YuF, Zhang M-L. Maximum margin partial label learning[C] // Proceedings of the 7th Asian Confer-
ence on Machine Learning. 2015: 96—111.

[23] Jiang L, Meng D, Mitamura T, et al. Easy Samples First: Self-paced Reranking for Zero-Example
Multimedia Search[C] // ACM International Conference on Multimedia. 2014 : 547 —556.

[24] Jiang L, Meng D, Zhao Q, et al. Self-Paced Curriculum Learning.[C] // AAAI: Vol 2. 2015 : 6.

[25] Jiang L, Yu S-I, Meng D, et al. Bridging the ultimate semantic gap: A semantic search engine for in-
ternet videos[C] // Proceedings of the Sth ACM on International Conference on Multimedia Retrieval.
2015: 27-34.

[26] Suzumura S, Ogawa K, Sugiyama M, et al. Outlier Path: A Homotopy Algorithm for Robust SVM.[C]
//TICML. 2014 : 1098 —1106.

[27] Fan Y, He R, Liang J, et al. Self-Paced Learning: an Implicit Regularization Perspective[J]. arXiv
preprint arXiv:1606.00128, 2016.

[28] Ma Z, Liu S, Meng D. On Convergence Property of Implicit Self-paced Objective[J]. arXiv preprint
arXiv:1703.09923, 2017.

[29] Platt J, others. Probabilistic outputs for support vector machines and comparisons to regularized like-
lihood methods[J]. Advances in large margin classifiers, 1999, 10(3): 61 —74.

[30] Cover T M, Thomas J A. Elements of information theory[M]. Hoboken, New Jersey : John Wiley &
Sons, 2012.

[31] Meng D, De la torre F. Robust matrix factorization with unknown noise[C] // Proceedings of the IEEE
International Conference on Computer Vision. 2013 : 1337 —1344.

[32] Zhao Q, Meng D, Xu Z, et al. Robust Principal Component Analysis with Complex Noise.[C] //ICML.
2014: 55-63.

[33] Blum A, Mitchell T. Combining labeled and unlabeled data with co-training[C] // Proceedings of the
eleventh annual conference on Computational learning theory. 1998 : 92 —100.

[34] Fan Y, Tian F, Qin T, et al. Learning What Data to Learn[J]. arXiv preprint arXiv:1702.08635, 2017.

[35] Gidaris S, Komodakis N. Detect, Replace, Refine: Deep Structured Prediction For Pixel Wise Label-
ing[J]. arXiv preprint arXiv:1612.04770, 2016.

42



S 3k

[36] Pathak D, Agrawal P, Efros A A, et al. Curiosity-driven Exploration by Self-supervised Prediction[J].
arXiv preprint arXiv:1705.05363, 2017.

[37] Goodfellow I, Pouget-abadie J, Mirza M, et al. Generative adversarial nets[C] // Advances in neural
information processing systems. 2014 : 2672 —2680.

[38] Mirza M, Osindero S. Conditional generative adversarial nets[J]. arXiv preprint arXiv:1411.1784,
2014.

[39] Matthews L, Ishikawa T, Baker S. The template update problem[J]. IEEE transactions on pattern anal-
ysis and machine intelligence, 2004, 26(6) : 810—815.

[40] Rockafellar R T. Convex Analysis[M]. Princeton, New Jersey : Princeton University Press, American
Elsevier Publishing Co., 1970.

43



P ZAZE KA RHE L B (B30

ES P WS b B PVARE T IBE 5% S

Bs 1.1 55 B =) v i .
B 11,01 BB E

WL P, Kumar 28 N#412011 43R H T —ANFEAR &S 3 [ B LAOAE
28, Hrb TR R A R AR AT AR AN T2 o) BARSEN 1 o I Bk TN LAR G
Bo Hob EEARE=FERIAR S BB R A T R s bR d, K
BT R EERERR L, B FZAbRIC. WAT0 772R 2 BB, 75 A TF AR
£ (VOC2009 7y EIHHE S, ABRHET KM% SBD ABE RIS T 15 52K
f173E]; VOC2010 il #edimdie, a5 280000 B SEf ) BLEME; Imagenet, A B 5% &
AR AARE) 3R T RS RSt
Bfs¢ 1.1.0.2 L[R2 A

e [ S 35 AR WU R () I g AN — L] 2 o SR O R ¢ 42 3 19 H bR o Zhang 5§
ABR2015 FExf TR R F RS 1 T 2 9 2: 2 ik s, IR ARl S HA G
B AE AP T R B8 — /N R X T 46 5 835 1 X, AT o A A
SP-MIL 7£ 2 55 48 iCoseg Al MSRC I, NE & F-HIREREA FE VRN Arife L 454
BT A A% . IF HAE HAsSEE 20 SRS b, D RO a S T
T 0 2% A5 T 1A AR L ME SR 45 |, SP-MIL £ Jaccard ARALLRE AOSPAN bR vfk bt i
T B 177
B 1.1.0.3 BEENL

B BRI R B2 ) — AR BN H . 7R B bR K TR O R R S R )
PRI ARV — A e R BRI S BB T RE 25 H IR RE B9, gl 2 RUBME vh /T RE IR0 58
EREN R P AL, Supancic 2 A 102013 4F 4 753/ H BE 45 1R 1 1 1
M A 18 P8 R R FRNE B2 9 HL e /MU TEE RS DL SR 27 2 — AN T K i 1] B 5 04 58 47 1) 40 W
WM, RGO RS, Retsik B L Seit, Jf B SEHEROIR 4 R L
91%uvs76% HIAERA SRR T B 25 T TR 2 A AP0 B BcfK -1 I BRER 5% (TLD).

44



B 5
FIF LA 487E, Huang 258 A 712017 G178 — A0 #A A BR B2 B 42 (OTB2013)
HALHE 50 MSFF1, LW T 22 Fhosi KPR ER R 73, AT 1 25 27 o0 i) R R 7
ETERERE IS B T 0.785 B850 17187056 — 1 (0.740) 1) KCF ERER 7% 4.5%. [F]
AT AUC SR 7540 9 0.540, #83d KCF J5¥ (0.514)2.6%

M 1.1.0.4  Bhskaim

H 52 2] 2017 S IEFETH NSS4 i — A~ BAT PR AR 00 95 B H Akl
AR FER S o 55 B A RS 17 = S R sl A 2R FH T 4 PO AR /D 1 55 1) LG il
(RIFRIE A5 5K [ I HE Tt H Aw B AR 1) A7 B 9 ELIN LG H BRI #8 3547 )1 2k Zhang %%
N VB [ R 2 o g Sl 25 A U R 553 M B D e 00 7 S 5 EO R A 3 R R M i
(1 A2 25 H A 24 mp ATRT B 28 R S PR SR A SE SR A5 B AT TTEATIE T 6 AN ekiK-F
() 55 1 B KGR 5 325 (PR,CC,MDD,LLO,VPC,MfMIL) B 75 T Pascal VOC2007 %454
£ 29.96 11734945 57

R 25 5 ST b (8 A MBS B IR R A AN . Dong A D,
787 R K& AR EEREEE 3 2 4 ANF bR EE I B AR T % . 8 5d R
H b SERSE ST ¥k, 5T Pascal VOC2007 L, St EU AR 6 & 37 K SRR 1 AR K384y
RS RS IR S T, AT RS T Ha B g IR CEIR
:42.8% (5 i3 77 T 15)vsd2.8%(H 2 25 21 7)), IEWREAL: 64.6%(21)vs 65.5%( H
FATTE, Wi ITE))o

Xt T 59 WUE F ARSI Y B DR R 2 S I SUe A [9].

bfsk 1.2 Aafi s > i R A

TN A R R A PR B AT SR R R, ML 2 ) SR AR g M e
RN BOFrimBLHORAI T B 25 22 2 R v a7 % o T Radd iy =4 21 =28 1
MRKFEM, L4 boosting 73 AN,y A W 75 (R P 3L % 16 U F) = th B 73 ST, R
PR R R 2% et W = 51 1)

@ &ICFE AR AT IR AR A

45



P ZAZE KA RHE L B (B30

B> 1.2.0.5 7#5{@& Boosting >

Pi 55 N UL B 2P 22 3] F1 boosting IR LS &, $2H1 T SPBL LA, SKILFHIETT
PR R SRR BOAT R AR AR o 3L B K 70 2RI F ) boosting AL B 224 5] BUFEAIE
e, SPBL HEMS Hli 52 B 18] A 5T 1 0 58 PR AL [ I ORAE 22 S BEAS A P SE 1k o AT TAE S
TAE SR SR A R eIl 7 SPBL SR AL |

ffsk 1.2.0.6  PIZSARIALTE R H bR i)

BT B P ST P R UL KRB Z SR REA BT, PR B2 —Flog At i) WELL
JIAERAG N 28 bR ic (B (717 I A 1 53 bR TE R AL E) . £ FCVID(R B Mg b
ARSI SR, BRI Thsic i) £, A8 WELL J574FIH] 2000 /N
A M A R C ARSI IS (RS BE LEAE R 500 /NI N s e i o8 B v

13 bl T R

ff¢ 1.3.0.7  PhIRIIIZR

PRI B 22 S R i —MOT ik, BRI B A A FER A . X H
ML E A& B BAMER, AR A AR, BT 0] 5 2 e i R Bt gt
TTARTERIE— 5%, Ma 25 N, Kt RIS 255 ML &, 155 ) Fsh
RO ARV B EHE °T LA BL 2 B B8 A el BE I, (RIS B8 22 S 50 A5 St AR T T B [ 91
e AATTR VAR H RO B EIZR UCT Bl 4 B 1 BofiK-F i o7k,

% 1.3.0.8  H @ W ) 7 30 1] 28]

BT PRI B o B 2 20 T3 0 B AR T G ) i N A AR ADURE B2 4 it 0 A
o R S S B B BTN T R = S BUE BRI R (AR PR B AR HOR T b R4
R T) MR RIL A AT R HIR IR Yue 55 AU ST — 7 B 3@ B 0 2 s 4
BB (ALGT) J5i%, PASEIL B 20 101 48 Wi (a] AN G 24 (0 R %32 - [ I S 300
THREN R A 9RIL, AT AT LA B & B AR 48 B 0L & — M6 =2 BBt B TN . 31X
ANTTERIUB A R 1 UCT B 8 A0 & B 1 ) 1 S 45 R P 285

@ ZSCFEM ICML2017 W B BB W RS i A A T

46



B R

M=% 1.3.0.9 F3h$#>)

Lin 5 NS BB 2z ) M B8 SIS &, Horh B 2222 2 H Tl ToAhRiE R AR 19
FIEEVERRRE, R T EEVE AORE A ELIE A TR AL A U 25 R I T SEPEAR O AR A AL 45 B
PP 5. IXAEAS 75 B A ARE AR A B 2 2 N PR E R A I R AR TH AT LIS AR A
A5 MR I . KR IEXS FE AR R 85 7K (R D7 IR R IR s 7 F P (BN
IR 2D 52 M BB SIS & AMEE RISE T T 70 285 HRS FE R 4 THSE R xS
THRE A R i .

T 1.4 TR MRS e

B 1.4.0.10 2 GRS AR

Jiang NI S 7 H 2D EAEFP (SPaR) BEALKE H D22 5] SIN T 2 GRS ARG 40
Ik, SPaR I M 5 BIAER) B D BRI 22 SRR, UG 1 2 B SR AR I ) SR
15T JF H SPaR #£ TRECVID £ AR H AR AR S5 A o8 7 U 1 KIS
R R o

M3 1.4.0.11  5EF5E45 iRt

TR AT A T2 I B AR S e 5 3 2 A o R I BB VAR B B BN —
AR R o Zhao 55 NV ¥ B 20 22 S SNBUE K 7> MRS &, R e gii —
(E AR R SE R INBUR% 30 E . B 25 52 SRR 8 1) D VA AL KR I A e Az 5
TR B e EIUS T A IRCR .

fff% 1.4.012 MRS

MM = bR JE AT DA TH RN I, (a2 2 WA RIKRAE S
BN HERE R R AR AC A, Rl e A A — R Al sl S R R e 5 0 IS e . O T 4%
XA, Xu ST 52 B BRERI 2 AU H D22 SRR, (645 22 S I AR ASe
RE N TR] B (R REAS BUMERE A EAT 52 20, o m] DA Ta] 5 (AL A BUXE AR A EAT 22 20 o AT
MR R 52 6 WM P 22 A0 A SR SR SENINS T 58 SCREASRIAIL i 1) e P2 A B T B AR 1 26
2K, JF HAE D H B M RS2 s AT ANV R SRIR A R

47



P ZAZE KA RHE L B (B30

pi 1.5 B A IR R

R 22 A B AR o M 5 ) ), ey ik B A BE 0 R AR A0 A — A DA F A
Al 323 H D NG BIMER) 22 SRR, AR 2 W T BRI AR T RE S LA T A
A B AR S5 BE Bl o ST I R SE I — AN BE A ) AR SAR 21— A B (0 = AR AT
f#t. Avramova 55 N7, 72 KA BRI UG it 46 h A B B 0 22 2T IO AHE 3 By FE A 2
TRRERNGRIR LGRS, BB T G 20575 B 4 R DL Li 55 A TS,
K B 255 21 5 2 bRid M 2 A 55 5 ST S & A5 2% 2 IR R AN BURT BURHE R AS D 5 21 3k
(2= 2), R AR IR AR IC AT 55 04T M 5 B 2 2]

Fifsk 1.6 JERS A STRIREA i 328 Hh B B2

KRS )R P o) LI ARER IS A RS L. B2 BB
B T 2D B 4 A e 0, I — R BT 55 SR 4 T 7 7 > B o A R g 7
HRAEF 19 FE B AR 3 Zikeba S5 N 1200 i (125 2 1 51\ S i AN H9 0 1) K0 SR 552
A AR L 0 VT 2 ST B0 A, A 2 ] (R AR e S A .
REAT R 4R 8 PN S A A LA T AR

FUFRERS % 21 GBI EL AT G 8 2 AR AT ORFEFOR, tfE— 2R
AT BB A SR 125 ST

48



B R

Mk 2 AEBTEEY

PR R 2.1 QRIS HOXHBE) X T L& R85 1M R 40 g AEfT I v, FIET
I HIPYAS 25 A2 S )

- 1 € dg(v)
e (z,1) — g(2) KT 2 £ 2z = v X FIRAME
*g(v) +g7(1) = (z,0)
« v e dg(l)
« (v, 2) — g(2) KT 2 £ 2 = | A Fm/ME
XA 5T 7 4 A0 JELAR ™ BR BN PR UM FR, 255 545 1401 2187226807308

RET B3R 2.1 (BB HIA R G BB Atk (401 251250y — A B (KT 12 25 17 17 R B A2
A 1 25 H A S AR AR RS ORI o

HEW PSR 2.1 (R L RIRE T RME) 20K [ 2 A T — S FE R 1 e 4
N A = N[ Do LT N DR P (S &

Y MR 2.1 [ GBS = f RRIELTATIR =00 01T o e s 5 X f A
Bty =0 251250 LR AR R 2.0, AR LA, X
WeRF J A A B,

EH 4.1 [BEAENE] H o 2450, H Rep(v, \) KT v k&, FPES,
[ B dom, Rsp(v, \) C [0,1] H 0,1 € cl(dom,Rsp(v,\)) A4

l
A() = /0 () dj + CON) (3 2-1)

Hr C(X) /2 X R

49



P ZAZE KA RHE L B (B30

TR PR 2.2 MRAEPERT 7 2.1 A IR 2.1, v(N\ 1) = V(D). B,
l
B = [ o) di+Co) (% 2-2)
0

Hr C(\) 2R N IREL.

50



B R

ffs% 3 BB 2] DS A S 56

s 3.1 S

N T A E P S R AR b, R SRR S 56 R SR e I X TR
ek H b eR HU S, AR 70
ERegi N 4%

Y = 10sinc(X —T) + ¢, (Pt 3-1)

Hor T B SR, B A A=A 3 RRS FE variance, = 5, variancey = 1)
WX T Y fE— R X EHHATIE, MERZERMN

elvariance ~ N(0,variance?). (FF 3% 3-2)

Hrp T = 3 AT RS, (5 5 EIB AR RN .

y 'y _ _I
I |
l |
l |
NN — lJ_‘_l
: | AR FQ(T)) FOO(U(T))
N
| | HAES N/ =\ /7
I - = J . Fg?‘bup&pm‘iral(l(:r)) 7 :
. Comparzson
1951 XEs2
T X BB 3-2 B —IREEEG . H bR R B IR

BB 31 B — IR PRI RS R I

I3 ATE S H R E 252 2] R B AR R F(I(T)) (AU 4-48,3.3.1.1,  4-17)
KRTEHSHEE, KR AT R R =g, B imRmA
SRR SEES VSR B AR R B B, SR =R NN B ARSI I I N [ SR 58 S H AR
PR EIR, S DUME 2 S 0 EE

51



P ZAZE KA RHE L B (B30

FQ(TY) A U)

e
oiE -
Tr

I |

I |

I |

L /R :
AN A iy
/1)

I |

I |

I |

HILAE(5 5 A/
\U;"
L _ I | Fgroup&parital(l(T)) comparison
fiedsl s
— Bl B 3-4 SR IRSEE: H bR R HO R

X
P PR 3-3 55 IRSEER: AR R A R A

BRI NI EE R AT LUE S ARSI A 7 e B RN, 1308 AR AL K H B R
WA HEIEH, RN R AR A0 s A S D 22 1 R B

ff$>% 3.2 Mathematica QA5

1 A= 10;
> nl = 3;
3 n2 = 5;

4+ varll

5;

s varl2 1;

¢ t = (nl + n2 — 1)/2;

7 F[L_] := 1/(2) + 1/2 Log[2 L] /; (L > 1/(2))

s F[L_] L /; (L <= 1/(2))

9 (*Plot3D[F[LI1]+F[L2],{L1,—-2,10},{L2,—2,+10}]

1w ContourPlot[F[L1]+F[L2],{L1,—2,10},{L2,—2,+10}]%)
u  Datal = Table[{],

12 A Sinc[j — RandomVariate[ NormalDistribution[t, 0.01], 1]] +

13 RandomVariate[ NormalDistribution [0, varll], 1]}, {j, 0, nl — 1,
14 1}1;

15 Data2 = Table[{],

16 A Sinc[j — RandomVariate[ NormalDistribution[t, 0.01], 1]] +

17 RandomVariate[ NormalDistribution [0, varl2], 1]}, {j, nl,

18 nl + n2 — 1, 1}];

19

0 sequencel = Flatten[Datal ];

o sequence2 = Flatten[Data2];

» sequence = Partition[Flatten[Append[sequencel , sequence2]], 2];
» Pl = Plot[A Sinc[x — t], {x, 0, nl + n2 — 1}];

2 L1 = Graphics[Point[sequence]];

s Show[L1, P1IARIMIAJIMN

% (*F(1)*)

» L[x , y ] := (y— A Sinc[x — g])"2;
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s FL[x_, y_] := F[L[x, y]I;

» P21 = Plot[Table[1l, nl + n2].Apply[FL, sequence, {1}], {g, —10, 10},
30 PlotRange —> All]INFET

s CPREARZETT ZARSESELR, NS REAORS A4S 56 Kin 1n2 *)

» FI1[L_] nl/(2) + nl/2 Log[2 L/nl] /; (L > nl/(2))

3 FI[L_] =L /; (L <= nl/(2))

a F2[ = n2/2 + n2/2 Log[2 L/n2] /; (L > n2/2)

F2[ L /; (L <= n2/2)

s P1110 = Plot[

37 F1[Table[1, nl].Apply[L, Partition[sequencel, 2], {1}]] +

38 F2[ Table[1, n2]. Apply[L, Partition[sequence2, 2], {1}]], {g, —10,
39 10}, PlotRange —> All]

o (*Plot3D[Fl[g]+F2[gl],{g,—2,10},{gl,—2,100}1%)

o F12[x_, y_ ] := Fl[x] + F2[y] /; (n2 x — nl y > 0)

2 FI2[(x , y ] :=

s Fl[(x + y)/(l + n2/nl)] +

" F2[(x + y)/(1 + nl/n2)] /; (n2 x — nl y <= 0)

s Plot3D[F12[x, y] — F1[x] — F2[y], {x, —10, 10}, {y, —10, 10}]

% P11102 = Plot[

47 F12[ Table[1, nl].Apply[L, Partition[sequencel , 2], {1}],

48 Table[1, n2]. Apply[L, Partition[sequence2, 2], {1}]], {g, —10, 10},
4 PlotRange — All]

so. Show[P21, P1110, P11102, PlotRange —> All]

st Plot[F12[Table[1, nl].Apply[L, Partition[sequencel, 2], {1}],

L_]
L]

B Table[1, n2].Apply[L, Partition[sequence2, 2], {1}]] — (F1[

53 Table[1, nl].Apply[L, Partition[sequencel, 2], {1}]] +

s4 F2[Table[1, n2]. Apply[L, Partition[sequence2, 2], {1}]]), {g, —10,
5 10}]

s ParametricPlot[{{Table[1, 11].Apply[L, Partition[sequencel, 2], {1}],
57 Table[1, 10].Apply[L, Partition[sequence2, 2], {1}]}, {100 g,

8 100 (g — (nl — n2)/2)}}, {g, —10, 10}]
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Abstract

We introduce a method for automatically select-
ing the path, or syllabus, that a neural network
follows through a curriculum so as to maximise
learning efficiency. A measure of the amount that
the network learns from each data sample is pro-
vided as a reward signal to a nonstationary multi-
armed bandit algorithm, which then determines a
stochastic syllabus. We consider a range of sig-
nals derived from two distinct indicators of learn-
ing progress: rate of increase in prediction accu-
racy, and rate of increase in network complex-
ity. Experimental results for LSTM networks on
three curricula demonstrate that our approach can
significantly accelerate learning, in some cases
halving the time required to attain a satisfactory
performance level.

1. Introduction

Over two decades ago, in The importance of starting small,
Elman put forward the idea that a curriculum of progres-
sively harder tasks could significantly accelerate a neural
network’s training (Elman, 1993). However curriculum
learning has only recently become prevalent in the field
(e.g., Bengio et al., 2009), due in part to the greater com-
plexity of problems now being considered. In particular, re-
cent work on learning programs with neural networks has
relied on curricula to scale up to longer or more compli-
cated programs (Sutskever and Zaremba, 2014; Reed and
de Freitas, 2015; Graves et al., 2016). We expect this trend
to continue as the scope of neural networks widens.

One reason for the slow adoption of curriculum learning
is that its effectiveness is highly sensitive to the mode of
progression through the tasks. One popular approach is to
define a hand-chosen performance threshold for advance-
ment to the next task, along with a fixed probability of re-

turning to earlier tasks, to prevent forgetting (Sutskever and
Zaremba, 2014). However, as well as introducing hard-to-
tune parameters, this poses problems for curricula where
appropriate thresholds may be unknown or variable across
tasks. More fundamentally, it presupposes that the tasks
can be ordered by difficulty, when in reality they may vary
along multiple axes of difficulty, or have no predefined or-
der at all.

We propose to instead treat the decision about which task
to study next as a stochastic policy, continuously adapted to
optimise some notion of what Oudeyer et al. (2007) termed
learning progress. Doing so brings us into contact with
the intrinsic motivation literature (Barto, 2013), where var-
ious indicators of learning progress have been used as re-
ward signals to encourage exploration, including compres-
sion progress (Schmidhuber, 1991), information acquisi-
tion (Storck et al., 1995), Bayesian surprise (Itti and Baldi,
2009), prediction gain (Bellemare et al., 2016) and varia-
tional information maximisation (Houthooft et al., 2016).
We focus on variants of prediction gain, and also introduce
a novel class of progress signals which we refer to as com-
plexity gain. Derived from minimum description length
principles, complexity gain equates acquisition of knowl-
edge with an increase in effective information encoded in
the network weights.

Given a progress signal that can be evaluated for each
training example, we use a multi-armed bandit algorithm
to find a stochastic policy over the tasks that maximises
overall progress. The bandit is nonstationary because the
behaviour of the network, and hence the optimal policy,
evolves during training. We take inspiration from a previ-
ous work that modelled an adaptive student with a multi-
armed bandit in the context of developmental learning
(Lopes and Oudeyer, 2012). Another related area is the
field of active learning, where similar gain signals have
been used to guide decisions about which data point to la-
bel next (Settles, 2010). Lastly, there are parallels with re-
cent work on using Bayesian optimisation to find the best
order in which to train a word embedding network on a lan-
guage corpus (Tsvetkov, 2016); however this differs from
our work in that the ordering was entirely determined be-
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fore each training run, rather than adaptively altered in re-
sponse to the model’s progress.

2. Background

We consider supervised or unsupervised learning problems
where target sequences b!, b2, ... are conditionally mod-
elled given their respective input sequences a', a2, . ... For
convenience we suppose that the targets are drawn from a
finite set 3, noting our framework extends to continuous
targets, with densities taking the place of probabilities. As
is typical for neural networks, sequences may be grouped
together in batches (b':Z, al*?) to accelerate training. The
conditional probability output by the model is

p(bVB | alif) = Hp(b;', |b§:j_1,ai;j—1).
.7

From here onwards, we consider each batch as a single
example x from X := (A x B)V, and write p(x) =
p(b':P | al:B) for its probability. Under this notation, a
task is a distribution D over sequences from X'. A curricu-
lum is an ensemble of tasks Dy, ..., Dy, and a sample is
an example drawn from one of the tasks of the curriculum.
Finally, a syllabus is a time-varying sequence of distribu-
tions over tasks.

‘We consider a neural network to be a parametric probabilis-
tic model pg over X', whose parameters are denoted 6. The
expected loss of the network on the k" task is

L(0) := IED L(x,0),
x~ Dy,
where L(x,0) := —logpy(x) is the sample loss on x.

Whenever unambiguous, we will simply denote the ex-
pected and sample losses by £, and L(x) respectively.

2.1. Curriculum Learning

We consider two related settings. In the multiple tasks set-
ting, The goal is to perform as well as possible on all tasks
in the ensemble {D}}; this is captured by the objective

function
1 X
EMT = N kél £k

In the rarget task setting, we are only interested in mini-
mizing the loss on the final task Dy . The other tasks then
act as a series of stepping stones to the real problem. The
objective function in this setting is simply Ly := Ly

2.2. Adversarial Multi-Armed Bandits

We view a curriculum containing N tasks as an /N-armed
bandit (Bubeck and Cesa-Bianchi, 2012), and a syllabus as
an adaptive policy which seeks to maximize payoffs from
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this bandit. In the bandit setting, an agent selects a se-
quence of arms (actions) aj . ..ar over 1" rounds of play
(ax € {1,...,N}). After each round, the selected arm
yields a payoff r;; the payoffs for the other arms are not
observed.

The classic algorithm for adversarial bandits is Exp3 (Auer
et al., 2002), which uses multiplicative weight updates to
guarantee low regret with respect to the best arm. On round
t, the agent selects an arm stochastically according to a pol-
icy ;. This policy is defined by a set of weights wy ;:

eWt.i

TP (f) 1= —————.
t ( ) Z;V:1 eWt,j

The weights are the sum of importance-sampled rewards:

i - Tsla=
Wt =1 Ts,i Tsi = . (z) .
s<t s

Exp3 acts so as to minimize regret with respect to the single
best arm evaluated over the whole history. However, a com-
mon occurrence is for an arm to be optimal for a portion of
the history, then another arm, and so on; the best strategy
is then piecewise stationary. This is generally the case in
our setting, as the expected reward for each task changes as
the model learns. The Fixed Share method (Herbster and
Warmuth, 1998) addresses this issue by using an e-greedy
strategy and mixing in the weights additively. In the ban-
dit setting, this is known as the Exp3.S algorithm (also by
Auer et al. (2002)):

W;EXPS.P(Z') =

(1= mP™(0) + M

w?,i = log [(1 — ay) exp {wtsfl,i + nfffl,i}
« -
+ s Y exp {wiy 4y )]
J#i

-8 rs]I[aR:i] + ﬁ

= t71 .=
o T = 0

2.3. Reward Scaling

The appropriate step size 77 depends on the magnitudes of
the rewards, which may not be known a priori. The prob-
lem is particularly acute in our setting, where the magni-
tude depends on how learning progress is measured, and
varies over time as the model learns. To address this is-
sue, we adaptively rescale all rewards to lie in the interval
[—1,1] using the following procedure: Let R; be the his-
tory of unscaled rewards up to time ¢, i.e. R; = {#; f;%
Let ¢i° and ¢! be quantiles of R;, which we choose here
to be the 20" and 80" percentiles respectively. The scaled
reward r; is obtained by clipping 7; to the interval [g}°, g"']
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and then linearly mapping the result to lie in [—1, 1]:
1 if 7, < g
=41 if 7 > g 2)

2(fe—qy)

+——i> — 1 otherwise.
9y —d¢

Rather than keeping the entire history of rewards, we use
reservoir sampling to maintain a representative sample, and
compute approximate quantiles from this sample. These
quantiles can be obtained in O(log|R,|) time.

3. Learning Progress Signals

Our goal is to use the policy output by Exp3.S as a syllabus
for training our models. Ideally we would like the policy
to maximize the rate at which we minimize the loss, and
the reward should reflect this rate — what Oudeyer et al.
(2007) calls learning progress. However, it usually is com-
putationally undesirable or even impossible to measure the
effect of a training sample on the target objective, and we
therefore turn to surrogate measures of progress. Broadly,
these measures are either 1) loss-driven, in the sense that
they equate reward with a decrease in some loss; or 2)
complexity-driven, when they equate reward with an in-
crease in model complexity.

Training proceeds as follows: at each time ¢, we first sam-
ple a task index k ~ ;. We then generate a sample from
this task, i.e. x ~ Dj. Note that each x is in general
a batch of training sequences, and that in order to reduce
noise in the gain signal we draw the whole batch from a
single task. We compute the chosen measure of learning
progress v then divide by the time 7(x) required to process
the sample (since it is the rate of progress we are concerned
with, and processing time may vary from task to task) to get
the raw reward # = v/7(x) For the purposes of this work,
7(x) was simply the length of the longest input sequence
in x; for other tasks or architectures a more complex cal-
culation may be required. We then rescale 7 into a reward
ry € [—1,1], and provide it to Exp3.S. The procedure is
summarized as Algorithm 1.

3.1. Loss-driven Progress

We consider five loss-driven progress signals, all which
compare the predictions made by the model before and af-
ter training on some sample x. The first two signals we
present are instantaneous in the sense that they only depend
on x. Such signals are appealing because they are typically
cheaper to evaluate, and are agnostic about the overall goal
of the curriculum. The remaining three signals more di-
rectly measure the effect of training on the desired objec-
tive, but require an additional sample x’. In what follows
we denote the model parameters before and after training
on x by 6 and 6’ respectively.

Algorithm 1 Intrinsically Motivated Curriculum Learning

Initially: w; = 0 fori € [N]

fort=1...Tdo
w(k):=(1— e)% + %
Draw task index k from m
Draw training sample x from Dy,
Train network py on x
Compute learning progress v (Sections 3.1 & 3.2)
Map 7 = v/7(x) to r € [—1, 1] (Section 2.3)
Update w; with reward r using Exp3.S (1)
end for

Prediction gain (PG). Prediction gain is defined as the
instantaneous change in loss for a sample x, before and
after training on x:

vpg = L(x,0) — L(x,6).

When py is a Bayesian mixture model, prediction gain up-
per bounds the model’s information gain (Bellemare et al.,
2016), and is therefore closely related to the Bayesian pre-
cept that learning is a change in posterior.

Gradient prediction gain (GPG). Computing predic-
tion gain requires an additional forward pass. When py is
differentiable, an alternative is to consider the first-order
Taylor series approximation to prediction gain:

L(x,0") ~ L(x,0) + [VL(x,0)] " Ay,

where Ay is the descent step. Taking this step to be the
negative gradient —VyL(x, ) we obtain the gradient pre-
diction gain

vepc = ||VL(x, 9)”3-

This measures the magnitude of the gradient vector, which
has been used an indicator of data salience in the active
learning literature (Settles et al., 2008). We will show be-
low that gradient prediction gain is a biased estimate true
expected learning progress, and in particular favours tasks
whose loss has higher variance.

Self prediction gain (SPG). Prediction gain is a biased
estimate of the change in L (#), the expected loss on task
k. Having trained on x, we naturally expect the sample loss
L(x,0) to decrease, even though the loss at other points
may increase. Self prediction gain addresses this issue by
sampling a second time from the same task and estimating
progress on the new sample:

vspc = L(x',0) — L(x',0") x' ~ Dj.
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Target prediction gain (TPG). We can take the self-
prediction gain idea further and evaluate directly on the
loss of interest, which has has also been considered in ac-
tive learning (Roy and Mccallum, 2001). In the target task
setting, this becomes
vrpg = L(x',0) — L(x',0) x' ~ Dy.

Although this might seem like the most accurate measure
so far, it tends to suffer from high variance, and also runs
counter to the premise that, early in training, the model can-
not improve on the difficult target task and should instead
train on a task that it can master.

Mean prediction gain (MPG). Mean prediction gain is
the analogue of target prediction gain in the multiple tasks
setting, where it is natural to evaluate our progress across
all tasks. We write
vmpG = L(XCO)*L(X’,H’) X/NDk,kNUN,

where Uy denotes the uniform distribution over
{1,...,N}. Mean prediction gain has additional
variance from sampling an evaluation task £ ~ Uy

3.2. Complexity-driven Progress

So far we have considered gains that gauge the network’s
learning progress directly, by observing the rate of change
in its predictive ability. We now turn to a novel set of
gains that instead measure the rate at which the network’s
complexity increases. These gains are underpinned by the
Minimum Description Length (MDL) principle (Rissanen,
1986; Griinwald, 2007): in order to best generalise from a
particular dataset, one should minimise the number of bits
required to describe the model parameters plus the number
of bits required for the model to describe the data.

According to the MDL principle, increasing the model
complexity by a certain amount is only worthwhile if it
compresses the data by a greater amount. We would there-
fore expect the complexity to increase most in response to
the training examples from which the network is best able
to generalise. These examples are exactly what we seek
when attempting to maximise learning progress.

MDL training for neural networks (Hinton and Van Camp,
1993) can be practically realised with stochastic variational
inference (Graves, 2011; Kingma et al., 2015; Blundell
et al., 2015). In this framework a variational posterior
P4(0) over the network weights is maintained during train-
ing, with a single weight sample drawn for each training
example. The parameters ¢ of the posterior are optimised,
rather than 6 itself. The total loss is the expected log-loss
of the training dataset! (which in our case is the complete

'"MDL deals with sers rather than distributions; in this context
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curriculum), plus the KL-divergence between the posterior
and some fixed (Blundell et al., 2015) or adaptive (Graves,
2011) prior Qy(6):

Lyi(69) = KL [Qu)+>, > B, L(x0).

model complexity x€D

data cost

Since we are using stochastic gradient descent we need to
determine the per-sample loss for both the model complex-
ity and the data. Defining S := >, | Dj| as the total num-
ber of samples in the curriculum we obtain

1
Lyi(x,6.0) = GKL(P [ Qu) + E, L(x.6), )

with Ly1(é,¢) = >, >y op, Lvi(x,¢,%). Some of the
curricula we consider are algorithmically generated, mean-
ing that the number of samples in each task is undefined.
The treatment suggested by the MDL principle is to divide
the complexity cost by the total number of samples gener-
ated so far. However we simplified matters by setting S to a
large constant that roughly matches the number of samples
we expect to see during training.

We used a diagonal Gaussian for both P and Q, allowing us
to determine the complexity cost analytically:

(g — pp)* + 03 — 03, o
KL(P, || Qy) = 2 =% 41 (i) ,

203} o4

where /,L¢,0'§> and uw,ai are the mean and variance
vectors for P and (@), respectively. We adapted
with gradient descent along with ¢, and the gradient
of Epp, L(x,0) with respect to ¢ was estimated using
the reparameterisation trick? (Kingma and Welling, 2013)
with a single Monte-Carlo sample. The SoftPlus function
y = In(1 + e*) was used to ensure that the variances were
positive (Blundell et al., 2015).

Variational complexity gain (VCG). The increase of
model complexity induced by a training example can be es-
timated from the change in complexity following a single
parameter update from ¢ to ¢’ and v to v/, yielding

vvea = KL(Py || Qy) — KL(Py || Qy)

Gradient variational complexity gain (GVCG). As
with prediction gain, we can derive a first order Taylor ap-

we consider each Dy, in the curriculum to be a dataset sampled
from the task distribution, rather than the distribution itself

’The reparameterisation trick yields a better gradient estimator
for the posterior variance than that used in (Graves, 2011), which
requires either calculation of the diagonal of the Hessian, or a
biased approximation using the empirical Fisher. The gradient
estimator for the posterior mean is the same in both cases.
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proximation using the direction of gradient descent:
KL(Py || Qyr) = KL(Py || Qy)
— Vo KL(Py | Q)] " Vs Larpr(x, ¢, 1)
= woe ® O = [VouKL(P | Qu)]' Vo, E Lx9),

where C' is a term that does not depend on x and is there-
fore irrelevant to the gain signal. We define the gradient
variational complexity gain as

vovee = VouKL(Ps [ Qu)]' Vs B, L(x0),

which is the directional derivative of the K L along the gra-
dient descent direction. We believe that the linear approxi-
mation is more reliable here than for prediction gain, as the
model complexity has less curvature than the loss surface.

Relationship to VIME. Variational Information Maxi-
mizing Exploration (VIME) (Houthooft et al., 2016), uses
a reward signal that is closely related to variational com-
plexity gain. The difference is that while VIME measures
the K L between the posterior before and after a step in pa-
rameter space, we consider the change in KL between the
posterior and prior induced by the step. Therefore, while
VIME looks for any change to the posterior, we focus only
on changes that alter the divergence from the prior. Further
research will be needed to assess the relative merits of the
two signals.

L2 gain (L2G). Variational inference tends to slow down
learning, making it appealing to define a complexity-based
progress signal applicable to more conventionally trained
networks. Many of the standard neural network regularisa-
tion terms, such as Lp-norms, can be viewed as defining an
upper bound on model description length (Graves, 2011).
We therefore hypothesize that the increase in regularisation
cost will be indicative of the increase in model complexity.
To test this hypothesis we consider training with a standard
L2 regularisation term added to the loss:

Lia(x,0) = L(x.6) + 5[] O

where « is an empirically chosen constant. In this case the
complexity gain can be defined as

vra = ||0'][3 — 11613 ®)

where we have dropped the «;/2 term as the gain will any-
way be rescaled to [—1, 1] before use. The corresponding
first-order approximation is

varsa = [0]" VoL(x,0) (6)

It is possible to calculate L2 gain for unregularized net-
works; however we found this an unreliable signal, pre-
sumably because the network has no incentive to decrease
complexity when faced with uninformative data.

3.3. Prediction Gain Bias

Prediction gain, self prediction gain and gradient prediction
gain are all closely related, but incur varying degrees of
bias and variance. We now present a formal analysis of the
biases present in each, noting that a similar treatment can
be applied to our complexity gains.

We assume that the loss L is locally well-approximated by
its first-order Taylor expansion:

L(x,0") ~ L(x,60) + VL(x,0) " A9 (7)

where Af := 0’ — 6. For ease of exposition, we also sup-
pose the network is trained with stochastic gradient descent
(the same argument leads to similar conclusions when con-
sider higher-order optimization methods):

Al := —aVL(x,0). (8)
We define the true expected learning progress as

— _ N — 2
vi= E [£(0)- L) =al E VL0,
with the identity following from (8) (recall that £(6) =
Ex L(0)). The expected prediction gain is then

o= B [L(x,0) ~ L(x,0)]=a E_[VL(x, o).
Defining
V(VL(x,0)) :=E||VL(x,0) - EVL(x', 6) |,

we find that prediction gain is the sum of two terms: true
expected learning progress, plus the gradient variance:

e = v+ V(VL(x,0)).

We conclude that for equal learning progress, a prediction
gain-based curriculum maximizes variance. The problem
is made worse when using gradient prediction gain, which
actually relies on the Taylor approximation (7). On the
other hand, self prediction gain is an unbiased estimate of
expected learning progress:

IE Vspg = K

x,x'~D

[L(x,0) — L(X,0)] = v.

Naturally, its use of two samples results in higher variance
than prediction gain, suggesting a bias-variance trade off
between the two estimates.

4. Experiments

To test the efficacy of our approach, we applied all the
gains defined in the previous section to three task suites:
synthetic language modelling on text generated by n-gram
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models, repeat copy (Graves et al., 2014) and the bAbI
tasks (Weston et al., 2015)

The network architecture was stacked unidirectional
LSTM (Graves, 2013) for all experiments, and the training
loss was cross-entropy with either categorical targets and
softmax output, or Bernoulli targets and sigmoid outputs,
optimised by RMSProp with momentum (Tieleman, 2012;
Graves, 2013), using a momentum of 0.9 and a learning
rate of 107° unless specified otherwise. The parameters
for the Exp3.S algorithm were n = 1073, 3 = 0, ¢ = 0.05.
For all experiments, one set of networks was trained with
variational inference (VI) to test the variational complexity
gain signals, and another set was trained with normal max-
imum likelihood (ML) for the other signals; both sets were
repeated 10 times with different random seeds to initialise
the network weights. The « regularisation parameter from
Eq. (4) for the networks trained with L2 gain signals was
10~ for all experiments. For all plots with a time axis,
time is defined as the total number of input steps processed
so far. In the absence of hand-designed curricula for these
tasks, our performance benchmarks are 1) a fixed uniform
policy over all the tasks and 2) directly training on the tar-
get task (where applicable). All losses and error rates are
measured on independent samples not used for training or
reward calculation.

4.1. N-Gram Language Modelling

Our first experiment aims to illustrate and compare the be-
haviour induced by different gains. We trained character-
level Kneser-Ney n-gram models (Kneser and Ney, 1995)
on the King James Bible data from the Canterbury corpus
(Arnold and Bell, 1997), with the maximum depth param-
eter n ranging between 0 to 10. We then used each model
to generate a separate dataset of 1M characters, which we
divided into disjoint sequences of 150 characters. The first
50 characters of each sequence were used as burn-in con-
text for the next 100, which the network was trained to pre-
dict. The LSTM network had two layers of 512 cells, and
the batch size was 32.

An important characteristic of this dataset is that the
amount of linguistic structure increases monotonically with
n. Simultaneously, the entropy — and hence, minimum
achievable loss — decreases almost monotonically in n. If
we believe that learning progress should be higher for in-
teresting data than for data that is difficult to predict, we
would expect the gain signals to be drawn to higher n: they
should favour structure over noise. We note that in this ex-
periment the curriculum is superfluous: the most efficient
strategy for learning the 10-gram source is to directly train
on it.

Fig. 1 shows that most of the complexity-based gain signals
from Section 3.2 (L2G, GL2G, GVCG) progress rapidly
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Figure 1. N-gram policies for different gain signals, truncated at
2 x 10° steps. All curves are averages over 10 runs

through the curriculum before focusing strongly on the 10-
gram task (though interestingly, GVCG appears to revisit 0-
gram later on in training). The clarity of the result is strik-
ing, given that sequences generated from models beyond
about 6-gram are difficult to distinguish by eye. VCG fol-
lows a similar path, but with much less confidence, presum-
ably due to the increased noise. The loss-based measures
(PG, GPG, SPG, TG) also tend to move towards higher n,
although more slowly and with less certainty. Unlike the
complexity gains, they tend to initially favour the lower-n
tasks, which may be desirable as we would expect early
learning to be more efficient with simpler data.

4.2. Repeat Copy

In the repeat copy task (Graves et al., 2014) the network
receives an input sequence of random bit vectors, and is
then asked to output that sequence a given number of times.
The task has two main dimensions of difficulty: the length
of the input sequence and the required number of repeats,
both of which increase the demand on the models memory.
Neural Turing machines are able to learn a ‘“for-loop’ like
algorithm on simple examples that can directly generalise
to much harder examples (Graves et al., 2014). For LSTM
networks without access to external memory, however, sig-
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Figure 2. Target task loss (per output), policy entropy and network
complexity for the repeat copy task, truncated at 1.1 x 10° steps.
Curves are averages over 10 runs, shaded areas show the standard
deviation. Network complexity was computed by multiplying the
per-sample complexity cost by the total size of the training set.

nificant retraining is required to adapt to harder tasks.

We devised a curriculum with both the sequence length and
the number of repeats varying from 1 to 13, giving 169
tasks in all, with length 13, repeats 13 defined as the target
task. The LSTM network had a single layer of 512 cells,
and the batch size was 32. As the data was generated on-
line, the number of samples S in Eq. (3) (the per-sample VI
loss) was undefined; we arbitrarily set it to 169M (1M per
task in the curriculum).

Fig. 2 shows that GVCG solves the target task about twice
as fast as uniform sampling for VI training, and that the
PG, SPG and TPG gains are somewhat faster than uni-
form for ML training, especially in the early stages. From
the entropy plots it is clear that these signals all lead to
strongly non-uniform policies. The VI complexity curves
also demonstrate that GVCG yields significantly higher
network complexity than uniform sampling, supporting our
hypothesis that increased complexity correlates with learn-
ing progress. Unlike GVCG, the VCG signal did not devi-
ate far from a uniform policy,. L2G and particularly GPG

and GL2G were much worse than uniform, suggesting that
(1) the bias induced by the gradient approximation has a
pernicious effect on learning and (2) that the increase in L2
norm is not a reliable measure of increased network com-
plexity. Training directly on the target task failed to learn
at all, underlining the necessity of curriculum learning for
this problem.

Fig. 3 reveals a consistent strategy for the GVCG syl-
labuses, first focusing on short sequences with high repeats,
then long sequences with low repeats, thereby decoupling
the two dimensions of difficulty. At each stage the loss is
substantially reduced across many tasks that the policy does
not focus on. Crucially, this means that the network does
not have to visit each of the 169 tasks to solve them all, and
the syllabus is able to exploit this fact to more efficiently
complete the curriculum.

4.3. Babi

The bAbI dataset (Weston et al., 2015) consists of 20 syn-
thetic question-answering problems designed to probe the
basic reasoning capabilities of machine learning models.
Although bAbI was not specifically designed for curricu-
lum learning, some of the tasks follow a natural ordering
of complexity (e.g. “Two Arg Relations’, ‘Three Arg Rela-
tions’) and all are based on a consistent probabilistic gram-
mar, leading us to hope that an efficient syllabus could be
found for learning the whole set. The usual performance
measure for bAbI is the number of tasks ‘completed’ by
the model, where completion is defined as getting less than
5% of the test set questions wrong.

The data representation followed (Graves et al., 2016), with
each word in the observation and target sequences repre-
sented as a 1-hot vector, along with an extra binary channel
to mark answer prompts. The original datasets were small,
with either 1K or 10K questions per task, so as to test gener-
alisation from limited samples. However LSTM is known
to perform poorly in this setting (Sukhbaatar et al., 2015;
Graves et al., 2016), and we wished to avoid the confound-
ing effect of overfitting on curriculum learning. We there-
fore used the bAbI code (Weston et al., 2015) to gener-
ate 1M stories (each containing one or more questions) for
each of the 20 tasks. With so many examples, we found
that training and evaluation set performance were indistin-
guishable, and therefore report training performance only.
The LSTM network had two layer of 512 cells, the batch
size was 16, and the RMSProp learning rate was 3 x 10~°.

Fig. 4 shows that prediction gain (PG) clearly improved on
uniform sampling in terms of both learning speed and num-
ber of tasks completed; for self-prediction gain (SPG) the
same benefits were visible, though less pronounced. The
other gains were either roughly equal to or worse than uni-
form. For variational inference training, GVCG was faster
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Figure 4. Completion and entropy curves for the bAbl curriculum,
truncated at 3.5 x 10% steps. Curves are means over ten runs,
shaded areas show standard deviation.

than uniform at first, then slightly worse later on, while
VCG performed poorly for reasons that are unclear to us.
In general, training with variational inference appeared to
hamper progress on the bAbI tasks.

Fig. 5 shows how the PG and GVCG syllabuses acceler-
ate the network’s progress by selectively focusing on spe-
cific tasks until completion. For example, they both solve
‘Time Reasoning” much faster than uniform sampling by
concentrating on it early in training; similarly, PG focuses
strongly on ‘Path Finding’ (one of the harder bAbI tasks)
until it solves it. Also noteworthy is the way the syllabuses
progress from ‘Single Supporting Fact’ to “Three Support-
ing Facts’ in order; this shows that our gain signals can
discover implicit orderings, and hence opportunities for ef-
ficient transfer, in an unsorted curriculum.
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Figure 5. Per-task policy and error curves for bAbl, truncated at
2 x 10° steps. All plots are averaged over 10 runs. Black dashed
lines show the 5% error threshold for task completion.

5. Conclusion

Our experiments suggest that using a stochastic syllabus
to maximise learning progress can lead to significant gains
in curriculum learning efficiency, so long as a suitable
progress signal is used. We note however that uniformly
sampling from all tasks is a surprisingly strong benchmark.
We speculate that this is because learning is dominated by
gradients from the tasks on which the network is making
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fastest progress, inducing a kind of implicit curriculum, al-
beit with the inefficiency of unnecessary samples. For max-
imum likelihood training, we found prediction gain to be
the most consistent signal, while for variational inference
training, gradient variational complexity gain performed
best. Importantly, both are instantaneous, in the sense that
they can be evaluated using only the samples used for train-
ing. As well as being more efficient, this has broader appli-
cability to tasks where external evaluation is difficult, and
suggests that learning progress is best assessed on a local,
rather than global basis.
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end for

e

vpg:= L(z, 0) — L(x, ¢,
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PR —LE [ E (Blundell et al., 2015) i H&EMN (Graves, 2011) 4%
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