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Latent Attention For If-Then Program Synthesis

ABSTRACT

Automatic translation from natural language descriptions into programs is a long-
standing challenging problem. In this thesis, I consider a simple yet important sub-
problem: translation from textual descriptions to If-Then programs. Recent years have
witnessed the emergence of several commercial websites towards this goal, such as
IFTTT, Zapier and Stringify. Recent work studied the problem of automatically syn-
thesizing If-Then programs from their descriptions; however, the diversity of vocabu-
lary and sentence structures make this task challenging. In this thesis, I devise a novel
neural network architecture for this task, which is called Latent Attention. This model
computes multiplicative weights for the words in the description in a two-stage pro-
cess, with the goal of better leveraging the natural language structures that indicate the
relevant parts for predicting program elements. My experimental results demonstrate
that on IFTTT dataset, this proposed architecture reduces the error rate by 28.57%
compared to prior art. Meanwhile, I propose a one-shot learning scenario of If-Then
program synthesis, and simulate it with the existing datasets. For this scenario when
the training data is very insufficient, I demonstrate a variation on the training proce-
dure that outperforms the original procedure, significantly closing the gap to the model

trained with all data.

KEY WORDS: program synthesis, If-Then program, IFTTT, atten-
tion model, one-shot learning
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— AR LA — N 8 BT A B AT TR, 9F ELX— 5 BeAE 4T
XJ If-Then /7 R ETTNGX —(F55 _LHUAS T H 28 2807 ¥ I R

FEIXFE S, AT SEN B AR TE 5 AR If-Then B2 /7 BBIFIX —1F55,
P T —AF B A T AL AR B A 2 W A 20y BT A (La-
tent Attention) ~o fEFRATE R LS R 6T B IATE S Rk B9 B AR
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FEFF 06 B R 7 7 B AESLE R, FAG BT B is F T3 A A I
ORI Z M 2% (Bi-directional LSTM) [7] W HH e 41 L, SEIGZE KR, Kk
FIrig i (3T I AR AE Tf-Then #2319 BREC PN 55 0% © A LA Y 5 s Tl
TR 82.5% [3] $2mE] T 87.5%. W&, HILHECAW LI, X—#H
MRIAEERE LIRS T S DN E N, AEFRE LA T EA TrER R ERAT
1 28.57%

fEiXfmEle e, ML TEAMEE TE, KR THRE A OIS
T2 AN, AT BIRE S AR If-Then FEFEAIBIFIX (L5 AT, TGN
M TIRE . B8, 4 EANEE TAEES A5 1 Chris Quirk 55 ALE [1]
PEHAES, U, SRR ARG L TG, FAEEIMN L
W BT . R ER S, BRT X —CARMES LS, FREFET —
ASH ISR, A <BAREBI2 2] (One-shot Learning)”s 2 B EA 2L TA/EAE
EUG D BAE 55 B S — DN BRI DT 5 [13-15]. EIEKR, XN
Wkl s AE AR BRI SO 58 B (Rl P R — D B B . EIRATE B
If-Then #2791, ToiR &7 HR BYflE BRECE Z S EREL, BEA ARG b T—L8
Wb R I 55 Bl 3 R e 1 28R TIAE 24 A N IFAR ) ERER AT K
AL AR PR SSRGS, FrDERXMES T, REEI S
BHSUESIABKAT. L, 24 IFTTT 5% Zapier &5 K sl W FF 4554 — A8 B 52
FEFFHRAL S FR S, B S — W R 7 B8 FH Y If-Then F2FF MRS L. H
TET G 2 > BRI T A R TS, TR R
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M EASE, . fr Zapier.com AL A EARE LT 7 — RPN LL . HTIXE
Ve SOR H AT I ME—— A iX —E R4 R AL Seae a5 R T, IR ARsE
K, FRA IR B B DO R I SEE A — L8 A Y S MR R T
Mt SCIGEREH , iR L, R BB RIS T A
CE AT HRUR .

X E IS SO PRI SCEREEMIAN T AR 5 FRAGXS If-Then B2 /57 &
FOX—AES5 AT BRI BB, IR BB AR T RAR BRI 5 =3
B, X TAHERK TR TS ARNER, FBFEEN AR o
HIRE B 58 NS0T S BN o O 7 S AT I FEAS IR OS2 ) FRSEEL
AR R AR S A A T B SRS IRAE SR T B A 4 A
B ZER S S . AR NT R T RR S MEAE If-Then #2 /7 & AR
HEESS ERYSEEGZE R . B ER R, TAGFH A HIRTE SRR S If-Then 27 HY
FEx—ie, R — s, AL >) (One-shot learning), Ff i
IEIIAEIZ R P RSERR S5 R . 7RSS /R H ) PO IR B Y e
B SEBG S5 IR T — P BT AEZ51E T, FRAG AT B X s B R ST R,
FRZIREAR I R RS H B O EBE SR,

1.1 RENE

FEIX T, PO Bl e SCRIBE TS RS R 1 21k BIME 2, X
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TP, FEERERAR AT EA TAERERR IR T 28.57%

 EEXPAE SRR S IR 2] If-Then 27 BB — U8, $2H 7 — S8 Av il
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$TTE If-Then BFHIEK

FEIX—E B POREXT If-Then T2 & AN RAL S5 2 AT BARBURE , FFXS4H
PN CTE SEZ RPN NI PR

2.1 If-Then 12JF

eI Eelag e R —Fp NBOor . HEZENRT, g
If-Then (UIIR-M) F¥ o If-Then Ffy, WA HE 3L, e i If-Then 15 AU A4 AU FE
J¥o &1 If-Then G0 R 2. 5 —HB WAbEIBRI PR If #4501,
BT — Mk & BREL (trigger function) ; 128 304 W& 1EA H HY Then &5
I LS T — 1 3IVER%L (action function) o IXHE— If-Then 15A] 1Y = A
A M RIS E B SR R I, R T B E R BN 2

If-Then 27 A AT (I LE AT B O A9 AR T SR E il — L6 pf T 1T
55, W TR . SRR, HREEHEESE . BT If-Then F2 PN
faj e, DRI T R R A ZE R MR RERI NN S, LT HEINE 20 gt ih
ORMA B CARESE S, RS If-Then B2 72 —Fh AR R E55-fid T
Lo B, YATEA —Lemuh e H P i g 5 X AR R If-Then 217 K 55 ISR
MR B AT, IXLemul sz P, I BIRAaELC R B P 9
[ If-Then F&Jy , IXAEHI M ELFE IFTTT.coms Zapier.com. Stringify.com, %55
N —TH, XXM BEBIT 4.

22 HIE&E

fEIX e S0, FRAYSEEE s H 7ok H IFTTT.com A1 Zapier.com )
TR . SR, IX PP ATT 1f-Then F2 7 BIAE 28 LR 2500
—/I If-Then &) H— Ml & SIE (trigger channel)s — P& BRI EL (trigger func-
tion)s — BIYEJIE (action channel)s LA —BIVERR%L (action function) ZH 3K,
HAop—2 R RES T A 24 16 If-Then T2J7H, MlAMGE. il L. ShIE
ATTE R BIAE RR A (B2 PR Sl T 516 5 LRI Z 2 Hade B, e BR AL 2 400m
5, AYESHEME AN —DHUE LRI PSR I, AL SEE N i
FUHAT A ER . XA W ER S e B A RO [E R il A ARE R S EE, X
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IFTTT B oo s (D

Autosave your
Instagram photos to
Dropbox

Add

B 2-1 IFTTT.com % If-Then #% /5 #£ 4|

SEATTEFEAR | ER A — L W SR A 0 IR S5 5l B AR P 1 A FR . AR MIE H A
BE T —RINAFERRE, T Engnil s B — AR Ss 5ov H BTS2 R AR
[EIHRE. FEIXPN W, L 4 —A> If-Then #2574 HAUA €84 — 1 If-Then 154]
FESEBRA A, X FE R B SR AFRIE P I RE R, RIS 15527 | 3k
BOXFEIE S AR TR SR Ao, RE M 1E5 Z M1 RS 1 1f-Then 27
MRS, A e S R B — 45 i B B SRR S IR, H AR X L&
FEFFROTNRE. 13k, FOB & JeXt IFTTT A1 Zapier W51 W32 BIBEA TR0 A
4, HAZEI AT Stringify M,

2.2.1 IFTTT #iEE

B 2-1J87~ 7 — IFTTT W35 If-Then P25 FEE] . X/ MRFHIA W T A
Bk

Autosave your Instagram photos to Dropbox

XA A R 2 R 2 ) R — Instagram WK HRGEAE Y & R A BT EE L
B, (S A [ 46 24 7 48 X2 1 Dropbox T HRAFAE 19 - o5 8 31X If-
Then 2 7 B i & S8 /2 Instagram, fifl & PR ZE Any_new_photo_by_you, Zh{ES
TE /& Dropbox, ZIER#UE Add_file_from_URL. HH | K%L Add_file_from_URL
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Zapbook — Zaps — Integrate RSS by Zapier and Facebook Pages

Post new RSS items to a Facebook
Page

It's tedious to publish new blog posts to your business' Facebook Page. But,
it's really important to share your message with your audience on your social
media accounts. Let Zapier automatically post to your Facebook Page for
you.

How It Works

1. A new article is posted to your chosen RSS feed

2. Zapier automatically shares the new post on your Facebook Page

B 2-2 Zapier.com #9 If-Then #2 5 4 45

A =AZEC TEOCHEY URL 5 82 BORA7 ORI ARS LUK FAR SO 44 55K o

ARG, TFTTT ZlEEM T HE M O s U (BRSNS, 2
AR B S . T A Y If-Then A2/ S HAH R B 28T = ik ‘i"J
M HCRSH, U7, SARER KB ROM AR
A HPAEA AR KRR LIR30 B Xt Bz ) 7 PR P A2 FH P ﬁqﬂﬁﬁx
WGHRERE s F5—J7H, 75 BB S K2 Ik, AMUEL EENS
B, R A7 e G SRR S MR I, X HIAE S A2 If-Then
REFRIRER SIS, XA RN A

2.2.2 Zapier HiF&E
K 228 R T — Zapier WA If-Then FEFFREG . X ANFEFIRA LT H &

T ik
Post new RSS items to a Facebook Page

L@Iﬁﬂﬁf%ﬁ:é)ﬂ)jﬁlﬂm RSS A HE, XL H R 2 H]
JFEE Y Facebook DU o X If-Then 2 - HY ik & JiliE /& RSSAPI, fili & PR %L
#& new_feed, ZNVESIIE /& FacebookV2API, ZI1EREUE page_stream.
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Spotlights
Description:

Have Amazon's Alexa turn on your spotlights and
then automatically turn them off after 10 minutes.

How it works:
WHEN | say "Alexa, tell Stringify Spotlights"...

THEN turn On my spotlights...
THEN set a Timer for 10 minutes...
THEN turn them off.

B 2-3 Stringify.com % If-Then #2 5> #£4]

R Zapier FURAEFHIFTA T-Then F2 /37 K HT B 1Y H ARE 5 IR 98 &
AP RE R, ESACRTOX —EAREMR T IFTTT R4 5 M A ks
i, BN Zapier BIuX T AT B S8R 5 TR RIS TR # A Tk A
E, RGN FEEEE N THZA LT, MR IFTTT Mub2 33 At
f)e BIIE, IFTTT &EAEA Zapier ZRAELE If-Then FIFHHIR R, FTEAZKL
T ImageNet £ 4L [16] 11 CIFAR-10 £454E [17] fEEG A RAES PR R 15
FHIX AR BB AR A TE00G  BEAR T 4 TE M X A B SR0E 5 1A 2 If-Then
P27 BRI IX — 55 TR ST

2.2.3 Stringify #iE5&E

K 2-3J% /8 T — Stringify M3 If-Then 2 FEF]. LT IFTTT Fl Za-
pier W3, Stringify fY If-Then F2 /7 B MR 2 o B G, X —Rulit, £57> If-Then
FEFFATREAS 2T — 1 If-Then K& ; HIR, AR If-Then /5 P 1>1A)
A Wl RE ST R ARTE B R B S P B, T T P AR E e
T 407 Stringify MEIFRA RIBAI AT &SR, PR Se S, A
15 X — Wl BB T 2800 o AR SUOE SO B O 2, LhBI A2
A O BN E IR, & DA TAE B R B T 10

'Zapier WX T ARG B S MIES WAL : https://zapier.com/developer/documentation/
v2/shared-zaps/#shared-zaps-title

% 8 i1 H: 50 1T
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2.3 If-Then F2FBIS K

IR If-Then B FAIXR U N E LB R, SR IEMFRAERT SO,
A AR 9n 5 J7 2802 F A TR B8 4 B AR5 S A, MY If-Then 2
JPAE R LA B 2h2m S ok o IEFK, AAD TAEX B 2818 5 Fiid 2] If-Then 2
B X — R THFST [1-6]. Chris Quirk 25 AR TAE [1] 55— k4T /X —
W T — RYUTESS, FHZ B EA M ATA I TAER R A& X TR
H S -

EXEEIe S, o, I A TR AES (1] 37 TH5E. Bk
et EX RS, FRE B RAEXT If-Then F4 7 BIAIUE S pR AL T
o = If-Then &7 H I BR AL AT RE S A RN S 4L, (HEAED TR
WA, HELEAREXNTIAREA, MRAAEHRMESHARS, 2 %kTe
VERF O T H BT A SR B S B0 , TRI 2 B A 1 A EEBBEE XA — AR AR 1
B A RS B T 58 4 IE R T o IR, 344 1. Beltagy 5 ALE [3] HHATIAR, X
T If-Then BRF AN, XLERESHTEASH PRI 5. I, -4
If-Then F2 /5742 X — 555640 0 747 A0 28R 8, BIo3 7w el & A9 - i
KEAH SIVESE MBI E R B 2E ] WX TR B S BT, Pkl i —4
BT RS 7, IFEAASLR S R RN X — T iAo

bR 7 A LR AR5 LS (1], FRIEEEXS If-Then 27 B & X — PR,
P TR R, AR 2] (One-shot learning) 55t. Z BT CA—LE
TAEAER B 54T 55 2% e X it — SR B S D 5 [13-151. EIRE K,
IXFEHI G AR AR B M SO 58 B (A P R — DB B . AEFRATT
2 &Y If-Then #2771, JCIR &R 7 HR B MR BRECD S ERREL, FEA AR
T 2E K bR A Y AR 55 5l R T B B R e AR 24 A XA IAR, AR HR 4T
I KA 528 PR S RS R SS , FrDAERXMES Y, R
AR AR S R B AHK . B84, 24 IFTTT B Zapier 25 Wi I 46—~
[ 5 R P 3 S Ry, AL EiX — W R 5 B 9 A Y Tf-Then 27 88 & LK
bo TR GO AR EE 2 S RASRE B T K R B A T 4, AEIXAE
3T, RS AR L. HL, fEXRElkiech, JEHT
—ASHTHIRRI T, BAESR SRR I B R B = B T B T 2

#
)
=
ps
E
=



1B A e XoE AR #4T [F-THEN 425 69 6 %,

X —HE, |5, EE T, XI5 ) If-Then F217H)
T T I UERR . B2 TR, TEE T, AN TR RIS
F 256G 5B 93 iE 2B IFTTT A Zapier #0855, RIS FHICH) Stringify £045 42
WPHT TRBIN A fEf)a—T, B, TN T NBRIESHIIAZ
If-Then F2/71X —E5F HIIR I B UG ESHA . 1ok, BEH T M EZMHEX
B — P MEUES, JEH T EF RIS R DR INZ S H 1951

%o

%510 71 3L 50

=

~



1B A e XoE AR #4T [F-THEN 425 69 6 %,

B=F MHXIE

AR, B A kG | & 7Ok B kT . — 2 B TAEXT AR
N7 T 45 22 403k (domain-specific) IR FHEAT 75T, L anA: o 565k = 18]+
FHRFERT SO BIACAS 1191 R 7] [20, 21] #wHIPLE AT HEIEES [22]-
BITEAVERRINTES 23] BERERRETHLIVIES (241 S Wr &SRR
¥ (251, 4%

MR —LE TAEE [E R HE A B SAE & RO TR P &5 148 5 E (speci-
fication) 1X BT B R R FEIE S A0S (261 HHT, KB 7 T TAE#RMEK
TR ST EOR TN H [1, 27-29]0

X Ha e SRS, R — 28 ] IFTTT BAREDI M B4R E = 1
IRE If-Then /57 B FIX — 4551 TAE [1-6]o HHT, Chris Quirk % ATE [1] 28
—XGINTH IFTTT.com L/ HIATE S AN 1f-Then 71X —(L55. ©
AWMHEE TEFEISH =R dok X — . Rk EEEH T4
. BCEE SR S BRI SE X — 55 [1]e BARIX RN —ERIE L
REAS I D Y HH — e AR 77, SR TS AR RS AT A AR R B it 23
o JEAFER, IREME ML IS H TSRO E B, HEEREZES RS T
FAE 4 7 I I ROR . R, TEERPE M2 [7, 8] LAREE TR E M 4%
(1) 7 12 P B B ARR [9] AE 8 22 b _EBUS 751 A3FE HIRUR, Heintlas &8
P91 BHIVEGUEIAR AR (101 AIEEMAAT (110 DL REGRE [12]0 2ETIX
PR H G W BB RE, 5 2R RIS R T A s 5 2 4 B
PERERD 20 RS AT TN [4-6]0 KT, L Beltagy 55 AfE [3) Hfg i, X HE
SNBSS If-Then FEFIX—E55 T H , BT HIMEF R B e KA a5
PR 2%, TR R0 22 R0 25 B R TRAR M X X PR AT S5 A T R 22 ) o R,
ffIIFR T8 =K7Yk, (RN I -Gl as 2% ST R 5 TR B 48 [0 4 A5
AT (3]0 BAACKUL, iz H— R A MR — N E R H WA S
R FEATI 3 HaxX—J7 ¥EAEET 6} If-Then F2 7 1 R AT —(E 45 FBUAS T
FLE8 28T I YRR . FEX RS E IS S0, FRIEET IR L R 25 5 R R4
GERALE, B NEEERR FEAELK RN T HEAEE TE
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15 14 X0 BAE A AT IF-THEN #2569 5%

G IN R
31 FENDE

X —E ) PO RIS SCRIMRR TR T 7458, a7 eEaH
T LA S X R RS S TR R R
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N sonmarmatmmasin 35 A B8 K ik BALA B AT IF-THEN #2589 6 3,

FME [RINEEEE (Latent Attention)

FEIX— B SRR 53R BT LT Bt i A
4.1 EELZ I

N TR BAAE S R I B A A If-Then 727, BJG, AT
TR SOR P SRR RIS, WAt A IUE A REL. SfESUE B
YRR A R TR o BELAZ B4R B 1 i3 A ik ol

Autosave your Instagram photos to Dropbox

FEIXA AT, O Tl A A0E S pR A B TSR G, WA SO N 4Y “Instagram
photos” A& H NI ; XHT SV ESEFI S E R EOR UG, 2168 SRR N 4 “Drop-
box” AEH AR

N TSR R KR, FRATAT LR FH 28 B L 19, 121 f2—1
R, J5E, OFEX THA SR BT E — M CE, R
— BRI TR AR S SR, TR e, KA
NGRS W B embedding vector BEATIIBGEKAN, VEMIEREMLIGIRZER . S0, =
SEEXS TR RIER, B R EEA R TR A SR AR B B A
RIS T WRLE R AR TR ) T HLEMAZE R . T, AR X
¥,

Post photos in your Dropbox folder to Instagram

FATAT MR 2 & I, “Dropbox” -5 il A& 4550 F1 R AL 1 YA 5¢ T “Insta-
gram” 5 ENVESUE T R E I FUNAEOC . SR, XTHhz BRI AR A AT T4 23,
XWANEE S IR L T—FE, SRMEIGH T LT 52 A AT FE;
M& R, EFRATXESH, A7 H ] S IR 5T A 2 B 5
Wil FEEGANTSE, £ T X7

Autosave your Instagram photos from Dropbox

513 71 JL 50 T



@) ¥ FRALE e s s
et SHANGHAI JIAO TONG UNIVERSITY ié}—ﬂ ]‘E%‘ j\“}i%:*%ﬁi&f’j‘ IF_THEN fi}?—s é{] /a\ﬁ&‘

UM, XA S S — A A LR BRI AR LA EE R SR
HILHI AL B A2 —FERT, AT RIFEAR B, XX Ay iR i il 5 58 — )
AR 5E 2 o

T Z BT CA W E R TSL G, R I A R | B S — 5897 RE
B VE R AT SCAHIA Hh S 10IIAH O 1 S48 3R], L0t 1649107 H Y “Instagram”
1 “Dropbox”s SAMFE R A, (UHITUEXLERBTREANB ], RALEIX A 1]
O FRATT LSRN If A Then P04, TEATII S H Sk BB 4 B 1E 1
HobRIE H OGEER] SR (14 2R YE T-Then F2/7H I #5531 Then H55 19 Tl
W R PR W2 T 55 . TH2FREs, MIMTANBEIXFER
—h] BAE SRR, BT air R R 1. inde iR =1, X T
BT, SFRATE R “to” IX IR BT st HEWT H <o Z HTHIHED
SEEARIRA, T “to” 5 1 RRE SHASE R, MRS =7, A a) B 1R 4H
NWHEAS AT “from”, TARLAE A T “from” J5 I BIEB SRR, T “from” 2
R PR LS R o Ar ANIR — MBI GEAS 22 2 0l I XA A — 281 5% 1A ok
BB TIZ B AT I, BREEN — R A A BB AR . LR T A —
R GRS 2 2 X AR T 0 AT, [ REASHE KT Hi a0 SR EEF0I fisk A A9 B fo % oy
B, SN2 “to” ZHTHY “Instagram photos” o sIA; [z, TR E TSl
VESTE B SRR LTS, SNIZI “to” Z S5 Y “Dropbox” 2 K4 o

ETRXFERES ) XEElae e, Figit 7 — s 4y
FasCil SRl (Latent Attention) o XX /MBI T H I, (HE LB GRS
FATANHY T ACRXTIX A R T M SHEWT . X DR Hoe, 6
KRR BR T B — BRI A (latent weight), FH LAZE IR XN 10 A) 7+ H
WIRLEAST B Pt 7 )50 43 S5 i & 2 A T 56 - BIREEER o 5 S E 4 AR B A
KHHEWRT BB o X — S HEZZ515 “to”, “from” IXFENIS iR E e~ T
A B TR] IR T B v SRR, PR A IR B R TF 7 )~ B RS OC R A5 Hh AR
KEVEH . R, IWSEIRERTEENLE] [9, 12] Kt B LM EAE
(active weight); (HS5EAMFENGIAE, fEX—=2Ed, E—SitERkRE
ENELZ5ITEX—H S E Wi TE—M71, HTHESE—%
H ) RS IR T <o BE BB EAE, R EIX—E ) R “to” iX >
Fir BRI, 0 I F5R I, AR “to Z HiF B R IR T~ 45 v )T A
B R, M Then 53, FELIS5 “to” 2 J5 B3R IR T~ ¢ v AR o X
— 25 BIVE F 2 SR IR L8 e P o e e K 3R], bR IR 85— M 1, Tl

%514 71 3L 50 1T



Xt/ SHANGHAI JIAO TONG UNIVERSITY jE}-ﬂ B%‘ i&‘}i %:*%ﬁ i&,f’ IF-THEN fi}?—s é{] /a\};&‘

%(—/
xeu3gos
UOT3OTPRId

_ Weighted Active
Sum Attention
'

Active
Input

Description
{xi}

weights Latent
Attention
i

Latent
Input

B 4-1 [ X2 &4 A (Latent Attention) #9254

M A 2B, “Instagram photos™ Y428 WA T Fe i B e 8N, ez, IniRE

B A EAGE B B VE R EL 3, “Dropbox” J445 WA T Fc s Y i 2 E . i), B

B SORF AR ], IR A B SRR EE G i, FRH Tl
TEFETFRILTH, FRAGEARN B g Tl =, DAL 2%

Jitko

4.2 HEBILEH

P BB B SR AN B 41 iR o FE4E TORBYTIR T, IRtk
MRS [ RBRY], I2 /NG FRRERAIR L, Tz RS PR R R -

B, SRR R 1, o xg, HAP R BIAEOR H — M
TN AR BIERERIL R . FORIXAER— MR AFIIEN X = (21, .., 2] X
B, JREBESURERIRRKE. 8Tk, BRSNS 2T 4.

4.2.1 [EXiFEE (Latent attention layer)

B, TN FI AR B 2 GOy — 4 N 4ERFATE B (One-hot
vector)o HANYL, AN 2; 2 TETERAYEE n 3R], TR FRE Y A A A )
B ERER 1, HRGEEIER 0. A5, FsEd AT AR, KM A 75
X B — d 4EH] embedding 751 :

%15 71 3L 50
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1B A e XoE AR #4T [F-THEN 425 69 6 %,

E = Embedy, (X) (4-1)

XA, 0, BRI —HTFEHTNGNSE, ERRK/DNd X J.
TEX—EH | B RE TR HY embedding /735, FAGTE 4.3iX— 15X ixX 2Ly -t
T EARI A4

bt 2 i e S AT S R BRI B A . W T A E I T
B, izl T — PR softmax, F44 E 1EN softmax BT A« HAAKUL, 4
IR J4Ema, HUFRRRNEEENE L, o 22— d 40, %A
e B PRGSO — 5, T

| = softmax (v’ Embedy, (X)) (4-2)
4.2.2 FRZEFER (Active attention layer)
ERAEEENRE T, BT R RS IR T — R AN E,
FH PAFE 7R XA TR0 T B A AR Ot o 75, iz AR —/ N RIAE I 7 i,
A Y] X A — d 481 embedding 741 D; AFRIPE, FEXHE, FRAR
R A 55— TR B AT YN R 24U 6,, HI

D = Embedy, (X) (4-3)

5 E MR, XH DIA/MLE dx J
R, X D A d ZEhE D;, IS softmax KRG XS Y
HIBRZERREREA A, BARAF T

A; = softmax(V D;) (4-4)

EHAWRINE T x T, A ae A RIS« 4E8 R R, V@8 rh— A )|
GINZEUENE, RN T x do TEEER| VD, = (VD),;, K, AT Lo
ZHNIFE VD | softmax i HE, KX A #H471H5E

X T A EAER A, Wi R R A ARUE, X1
Ay IATHRCRFN, BAERAXT

%16 11 3£ 50
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1B A e XoE AR #4T [F-THEN 425 69 6 %,

J
423 HHET -

TEIX—H849, B9, BRIz SRR embedding 775, @M =
HTREHTINGNSEL 05, AT Y) X B A—1 d x J B embedding 5 F
XFT AR AR R0 o BYITHE, MR EHELFBEMN R HAE AR E, MNiXx—
embedding FHFEFATHIBCKAN, BEARAZAT

0 = Embedy, (X )w (4-6)
424 HwZEmN

X TR If-Then B2y, AERLRE I BT LUR B BEATHEN : (1) filk
SR, BIRMASTER A REL; (2) iR, RIS ESTERShEREL; (3) fil
KBNSV RIS L 28 5ROk, BoR o IR IX = o0 A T 7 32t

.
4241 TR S AERISIVES AR TIN

KTl S ERI B R 1, AR R S0, & T U0 N IR Ay
%

42411 TRILFW ARSI B T A S AR R IO T S E A
(TIEIE BB A BAR IS, 55, iz WA (A& SHOR R R 4
RUEATION o X TR SR HERT, G A — DG 2R i, Jfis
F— softmax SR H AT, BARASXTT

~

f = softmax(Po) 4-7)

X —n X, PREEF - HENGNSEIEMRE, ERNIdx M, X
B M RAFZER B A s S E SRR AL

42412 BEWN FLE, AERXMESSH, B SATISIE SR AT SR
SEPIAFEIR A, (HE(TERE T If-Then FEFFHI—#B45>; JFH, BATZ AL

2517 T 3L 50 T



@) ¥ FRALE e s s
et SHANGHAI JIAO TONG UNIVERSITY ié}—ﬂ ]‘E%‘ j&‘;i%:*%ﬁi&f’j‘ IF_THEN fi}?—s é{] /a\ﬁ&‘

SRR AAHIERT, RS i A S A A TN AR 5% B SCAR AT s VR 25 AR O T AR OC
HISCAAAE—ER EAMR R HIL, EECETIIN A, SRR R — M, X
R Az S A RN B E 26 PR REA T IR B 500 o

BRI, XT8N R BUE 2 e FmiX— 8y, ARk 1l
DFT G AT 5 — 2 ANFIRR, ERATIE DY, B #oR o RN
YERMA softmax AYHIA, FFAHIX A softmax F%i H 73 BIVE A fill & A FR B 1E
AR, AR AT

f = softmax( P,0) (4-8)

fa = softmax(P,0) (4-9)

TEXBAN AR, fy B f, 53R BT R S AP RIEIEAAF B R, P,
P, AT b AT ZEN R 206, BRI B d x M, Fld x M,,
XL M, ARSI Al A SRR, M, ARSI S E S AR AL

4242 XTHRESEEITN

X R SEITON, ORI E BERRE— D 2RmM, FEONAERTC
IS, ALRBINSEE R P TR CER R . B, EARHEHE
TAFAEALPRIX —AE 55, SR Az i (1, 4, 5] FFATHN o SR TR A £CAf st
R, HEEAR EXT AR, mRAGHMESHEARS, 2T se
TERR TN BT A 2800, DRI 2 B A B A RRRBOE AT — AR A T
ZECHA TR AR T BT X — A, A TR B TR T
SR, R DN EETIRSE A Bk, B8, X TlZ4E0RE
S B BRI il & eR A S ERR AL f, 10 ARG(f) WZ R BT A AN S ER ALY
5, WEEBENSHE arg € ARG(f), X TEZSEAEINGEIRE+ HH
S FAARRZEE v, S EHIRE . FEIZIRICHN Pr(v|f,arg). %
ok, TR SORIA, FRSTIs RSO A T 2 N A ) 1f-Then F&5 H
(A A BREL f, FNBIAEEREL £, , SRR TP R B 28 ME, FRATTE
740w -

argmax,, Pr(v|f;, arg,),Varg, € ARG(f) (4-10)

2518 11 JL 50 1T



1B A e XoE AR #4T [F-THEN 425 69 6 %,

argmax,, Pr(v,|fa,arga),Varg, € ARG(f.) (4-11)

HEEEMEL R, T ARBFEA, HEE DT R A Fss R —
AR A E AT T BRROR B 220 TN 25 Rt AT —FEAT

FESLR R, FOR R X — TG A S R MR Z5 R IRATIAE R, 24
X — I 5 SRR AL A o BN E R a5 5 2R, XMl S B A T
% Ea R IS H T A A HE TARAR S & A TR

43 SEITY
TEIX— B Fof e Ba i AR 1 SEE A 5 1 T 1 R o
4.3.1 Embedding 7%

fEIX R Sl Ser, 3675 [E M embedding 7795, AT A ER IR 72 7]
AR R THRORN . A TORIYB/NTT R, B BIN AL 5

4.3.1.1 Dictionary Embedding

G RERIEE—Fh embedding Ji 52— M EREIATHRIGHI T, Bk ILar
A dictionary embedding. X embedding J7 5 ) HARA KN

Embedy(X) = 6X (4-12)

TEIXN A, 0 BB R — NGNS EUERE, S R/NE dx N,
X HHEE— MR X, R A FA S AR R AR R AR
T2 42075,

X 0 IXFEH] embedding FifE, 4uTCA —LATFEIIZSE,
Word2Vec [30-32] H1 GloVe [33]. ZRMI A, XL AEH TiX
FE R RSO T BRI . E 5, IR MES T, KIS AR A5
FhAELE AR 550 N R P 1 44 %, TR EETRI0 R 2 A S 7R X LTI 2511 embed-
ding B e Hyk ) FEIXMES T, B SRR SUR IR Fh A K i FH Pk
W SMPEEER, 1M HE T EATI% embedding 178K £ 2 AE TG IL B 46
B TIINZR, R AT RRIRIF AL X F 2 IPE S o (RIl, fEFRIMSE
W, o IFCA TN i A e L E AR 808 1z AN H iR R

519 71 3L 50 1T



12 ) 18 XiE B A 347 IF-THEN #2549 6 %,
BRI AT AR LA AN S5 SEEE
EIR IR, 4 B R A T WO I X R R E 2 Y embedding
T B ISt EA HE R RER > TAE R I RCR [1, 4-6].

4.3.1.2 Bi-directional LSTM Embedding

H TR W 25 A AL B 7 504 B B IEF5 RPERE, IXSERAES B oA
T AL B S A B ST . Hrp, KIERHICIZIEI A M4 (Long
Short-Term Memory, 185 & LSTM) #2& £ HLAE PR EE X 254 [ — AR 3K ] 28
M T S BRI L5 1T 5 REAS B 4T M > — D - P & DR S AZ R 9
FH P BE S T HY 5 40 2 (R B4 5 58 R (long-term dependency)o. [RIAESE —FhJT
gerh, BT A T ER A Z M 2% (Bi-directional LSTM) [7] 2K
bEix embedding BeAE | Fo1% 77 -4 44 M Bi-directional LSTM Embedding. WEHE b
Wi, IXFH embedding 77 /2 1E dictionary embedding FIZEA L, B 644 directionary
embedding FY% H 45 RAEA—1> Bi-directional LSTM R A, iXFEERENITZ),
Bi-directional LSTM H ¥ 1E A 5 /2 7] LSTM Y& 25 i — N o T8 ok, X
THAN AR 53R, FAG AT 1 I 2B LSTMs At E 714, /FohH
embedding &5 5. JIEHIXF embedding 7715, 1EE AR embedding 5%,
HZ EZ IR BT UFE R, EIIIXFERT embedding 5 R HH LT dictionary
embedding FIZEARNUL, REASEL S HZ(EE . 8 Mok, FGRMAMANHIX—T7E
AR 2B

B EMNTH X1, Xo, .y Xy € R, —NMEIMIL N L1 EL

h; = tanh(W.;.x; + Wizhi 1 +by) (4-13)

Hrphy B2 —DEA G Wy, 1 Wy, & DTS TGRS E0ERE, BT
KINAGE m xnFln xn; b, € R™ Z&—MWZ A5 (bias).

XFF LSTM HI45#), A2 T Wojciech Zaremba 25 ATE [7] HHEH I RRUA
BRI

%520 71 4L 50

=

~



15 A 18 X2 AR 34T [F-THEN #2569 6%,

Embedding

Backward Layer

Forward Layer

Input Sequence

1 g
= 7 | Tonan ( * ) (4-14)
o o htfl
q tanh
G=f0¢ 1+i0yg (4-15)
ht =00© tanh(Ct) (4—16)

fE_EIR AT, 0 FR sigmoid BELG FORBIEI. T2 IEIA L

PIZ&T S, LSTM AEfR B T Az 25 I EARAS (hidden states) 514 LAAL, &
FANSIN T 122 408E (memory cells) ¢, iXLEiE {2400 LU BRURAS T 5 RES 70
BSOS HTE o B B A FR 0 1) R SE R, T LSTM AH H T4 SR ER i
LMK S, RENS TE LT > — ) - A EB o S ATZ AR 90 A8 B B B s Y
T 2 TR AR G 22 (long-term dependency)o

FR A1) Bi-directional LSTM FURHI ZE MU 427 BRI, £k

2521 71 3L 50 7T



@) X EAdLE o o
Xt/ SHANGHAI JIAO TONG UNIVERSITY ja}—ﬂ ]‘f%‘ i\“}i %:*%ﬁ i&,f’j‘ IF-THEN fi}?—s é{] /5\)5&4

JirFIEE R Bi-directional LSTM H1, 1E[A] LSTM B2 IE A B A Fe 814 D Hod
AN, T3 AR LSTM BRI S (B HEFT A i AP SV L « X T A 751
955 1 A5, FAE i I 2R LSTMs HO%i i E T34, 520 H embedding
2

FESER P IRA B, B HIXFh embedding T ¥, FHTHETH Y R R ETEL AT
DABUS L B H e A o A TR A 5

RN RAGERAR T, A=A N2 embedding 248, I 6,05, 050
XTFEAFREHR TR AL AR (1] Kk, AKX =HSHAE
BOMMFZ G, XTSRS I TATT RN SR T R AT A%
) BRE 7 > et BT kB, #4i% =2 embedding ZEL3ITEA T4, X
TR E T G M 1R O R E B S B o

432 PF—URZIESH
FESRIhIRA I, R EH I RIR o 2T, WRZEESH w #TH—

BRAE T LI RO Ml R . BAOREE, BOTRTSCH I S s o 1924
AT B

o = Embedy, (X )normalized(w) = Embedy, (X) (4-17)

W

o]
TEXA AT, [l £ w # Lo WAL NSIREERAT , RIH— (LRl

T DA TR R 1 5 2 AN A A

433 HFRAFIIKENTLE

FHr e H R R R R B N A e SR IS T [ E B o TR SE PR
Hlaserh, BMRA TR ZHGREA TR TS, 8 T
KEREARFS, B0 AP T B ST Ul AT EARBEEIT

L R — AT E/NT T, NIRRT YRR — MRS
(NULL) BEF7404x, A AP 3 N T

2. 2z, MR AFFIRREERT g, FMEREEAFPSITET (J —1)/2
T (J+1)/2 48], 8RR bR R MER TAEF, K
Fib 3 BT DI AN ) B 5 95T SO A i e JEE BR A1 B 220 o A3

2522 71 JL 50 1T



) S i A 12 X2 AR AT [F-THEN 425 09 6%,
e BT AKX RER 8T 1772, BB FEAMT AR B B, B9t T
F-Then T35 19 [ SATE 2 DA SR U, b4 S JEL MO R A o 1 SO 3L
SEH, PRI A e mT DA A PR B b PR B8 B A\ ORI AZ0ME B o

TESLIG PR FOK T BEIR N 25,
434 XFiRCERAITLIE

MR ASOR , IE SR SR T A SIS ST, Bl 177 )
X N SO AR BARIIEF T U143 (tokenization), SR JEG T A B SC AL N
INE TR, fEX T EE R, BT A BIFR A T AR — > BR R B A
BRI AT, FEATEZ G B SRIG 25 R h IR T2 B3, X TiX—1F55
Kl PR LR AT SR A N o 3T R, TN RS P T A Fm B
FIREGIAT T it FFOREE H b IR E R £ 19 4,000 o X T H AR Fi]
W MG — WG — MRS (UNK). BIL, VR AN N K 4,001

FERT SO I 413, A IFTTT Bia 5 B ORI IA 25 & 1 I PF 5§ iR
Rltt, ZHTH— S8 TARRERD 7ARMERDF S 2 1E THORG T IE (4, 341 FEFRIY
SEIH, R XS SR TRV AL R, T A AR BRI AR SR AR
H CL2A A A B S o

4.4 KRENE

X —E B BT BTG AT BB T T AL . EIE, £
BT, I T RGO Zh L. ROk, AR T, IR
I8 TR HUSEAE , SRR T RLA (XS If-Then B2y #2100 EAT
T AEER =, BRI TR A — RS

%23 71 4L 50
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1B A e XoE AR #4T [F-THEN 425 69 6 %,

FHE ETEEE

AT AT EEASE AR AR Bl it o, BR TSR AT
TP LLAN | FRIBSEE 1 R () A o Horh — 2R Y | DA 2 J5 kA T
XTHESEEE . FEIX—H | BRI Y S T 4

AEX —FER Y SEB | F B2 T End-To-End Memory Network [12]
W RN A SEI . AR B S R AT I B B B e K XA T,
TEAR T A U T i 2 AR I &, A R R EIX— 451,
PR, FRAG R AR AT RS A T B s B R R o A TR . AR AT
B BR T RRRUEBA LAAN ) RS B A S S R — R
51 EENEITEER

FEAMETE BRI T EAE o U N A TR

a = softmax(u” Embed,, (X)) (5-1)

feix AU, o NARECY J, Hrb g ARSI B T4 AU AR
20 T A RSP 5 o e d IRt R o — R T
ZHE

5.2 HWIHZER
TEXH ) SEr—=2R0L, Bk, RsHE —AHFTE)IZH embedding 4L
0y, AT Y] X A — d x J ) embedding 55 FE. T, HAAYH H 3
7~ o WEHZ wi it EIEEAE , XX — embedding FiFESE THBGRAT, HAK
v/ (I
o = Embedy, (X )a (5-2)

XEH, BN o &4 d ZERY T
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) X EXAAE ke e
SHANGHAI JIAO TONG UNIVERSITY ja}—ﬂ ]‘f%‘ i\“}i %:*%ﬁ i&,f’ IF_THEN fi}?—. é{] /a\)g&‘

53 wEHN

FESATI A, X T RS R T 7 -5 B — B A AR R o X T & 24
FISIVESAFRI AN, PR M AR T F 2R T, wigia 7> softmax
BT, BAARIT:

f= softmax (1 o) (5-3)

AT —EAREL, X —AXE, WK — R EII G SR,
CHIRNA d x M, iXE M ZAF S H A sV B 26 R AL

54 RE/NZE

FEIX—F A, PO ALY F A T IR AR v R B SE A T T 4,
S RE 7 AR R S R Y B AL AR R 2 A
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1B A e XoE AR #4T [F-THEN 425 69 6 %,

$ENE If-Then B A RIESHIIEM

FEX—F B, FK BIRAEARUE If-Then F2 /7 & UL 55 ERISEERE5 R Hi
XEF IFTTT Bdade, JOR R R PSRBT ROIRL 3 i SEE B B ERR f 5
WaiR, IR EANHEE TAETX L [1-6]. XIT Zapier HUEHE, HT AT
AHEI e HmE B TS0, IR TR on BT BT OB H A B A 3k
PIT SR B AR [ S B0 25 R

6.1 SLIGHIEE
FERX—T5, FORRT IFTTT ZE5EH Zapier AL I T4
6.1.1 IFTTT EE

Chris Quirk % ALE [1] FE—GIA T IFTTT &daseE, R 7 —4
JEHRARST, FEM IFTTT.com REEE. fEiXimilag e, iz Hf IRt
(€ AR ok BEA T AR AR R B o AT, FB T Wl o P 2 5 1Y TE-Then 727 5
INEBLERE B, IS0 If-Then 27 AR T« TRISRE T FTATIAA R
If-Then #2J7, SAAEINGEIHE R T 68,083 1> If-Then #£/¥. RN, Chris
Quirk Z5 ATE [1] AL T — 5 5,171 DEEFIIIGIUELE (validation set), LAM
— MM 4,294 MREFFIINREE (test set)o B2 L HTAIE, 4,220 4K HRIFAEM
PR, 3,868 /12K H IR 598 A R AERTSCHIR$EE], IFTTT 4L
WET BB SRS, HPRZ B AHE SR R X T IRA Tk,
AR R T8 T 3 AN B A HE IR £ R R ) i 2 S5 A AN B4R 25 44 TR, Chris Quirk
SENAE [1] FE ST —DMRER74E, WAE gold test seto 4 T H9ELX —llix
£, MM T —Hok BT S+ HH L% A (Amazon Mechanical Turk) 11T
Ve, LRABATIRAE MR A rh 1) B SRE S, SRHEWT Y If-Then #2)7 . X T
T—HIHBIREFHIA, Chris Quirk 58 A5 5 DAFEIR AR THERT . WilRH
= A NESBEAT IR R TN, SIS H AR S MR R B BIEw, T2
AT 12 SORFER AR gold test set B3 [z 2 NI B X BHE A A S IE /T, T
AHIAZ] gold test set H o 1B HIX DI, MATHIIER gold test set AL T 758
A If-Then #2/7. ELZ4FTMNIE, H 584 MEFHIAA R AT IFTTT Aik4E

%526 U1 4L 50 U1



@)y Eidrs
X s’ SHANGHAI JIAO TONG UNIVERSITY ]V}—ﬂ ]75 J& /i a 3& F THEN *I-}j’“ é{] /\)5&‘

% 6-1 IFTTT %38 & 09 41112 &
IEE  MiKEE (Gold)

fid & AU P L 112 59
fid & PREL AP EL 443 136
SVESIE H AP L 87 41
IERR BN FPEL 161 56
If-Then #2574 68,083 584

& 6-2 Zapier 24 % 89 4313 &
pEZ: 2 S S

firl Kz BT A P AL 326 162
fid & BRI AP AL 570 232
SHVESIGE PP EL 292 190
SIWERR BRI 4L 392 221
If-Then #2514 21,138 3,963

MBS E BN 6-17R.
6.1.2 Zapier #iF&

Zapier.com tLIRAE T — AT If-Then PR A4S, ZAGE R LIAN =
TR PRI o {F Zapier BT, SILH 26,423 4> If-Then /7. T4 H
RS 80% HIFRFVE AL, 5% HIREFAENKIESE, 15% HIFREFAE AL
£, IF HLARUESG TE AR AR 7l 04 fish & 45 0 5 BV E S e I 2558 Hh HH IR
ito Zapier EHRETFAN SIS BN 62017,

6.2 JEHIRE

G, AEFRAY LA KT AT F ) embedding, FELEL 1 HT U AR
dictionary embedding F11 Bi-directional LSTM embedding W FH 77 3% o X T 1E s
HOREE, R T IoiE iRl . PRyt sl DUS BRI X = FiAS ]
AR, H A AR AR DL A (R =G B A Y EAERT SO . (Rl FRa 3t
SEILT 6 FIORNF BIRRIZE MY . BT R, KA TCTE SR A1 S T e -

R dictionary embedding HYJ7 %47 embedding~ [R5 A i

I— A~ €k & F M £ I: https://github.com/miguelcb84/ewe-scrapers/blob/master/
ewescrapers/spiders/zapier_spiders.pyo

2527 11 3L 50 1T


https://github.com/miguelcb84/ewe-scrapers/blob/master/ewescrapers/spiders/zapier_spiders.py
https://github.com/miguelcb84/ewe-scrapers/blob/master/ewescrapers/spiders/zapier_spiders.py

2 A [ XiE FALA BAT IF-THEN #2589 6
RIS, X TR AT Y], B4 B H) embedding [A] 53K, Fil
Jef Hamis—> softmax SRS TN X T4 AT RIAEEE ) FRIE 220 TR
1] fY embedding 7] 53K FHRAEA softmax $i A BT MELIGTE URE , KA1
SRR T N LI G R BRI, R TR SR g5 R, RIBIR
A TSR Y 7 BT S H SR i 2

2 i Bi-directional LSTM embedding 14771517 embedding~ [A]
BoA M HTE SNSRI, T A P8, FRAIENR LSTM F IR LSTM [
ZFIRES (final hidden states) $H TR G, W4 HAFN softmax BT AL TN

PO, XTI 6 Pl gt o nlzaik 144 itk S5 E RN sh VR S AF gt 7k
SEFNATC A T, AL R A, X PR 7 20 SE 56 25 VA 52
PR NORISEIG A5 R D, FRIB IR BRI W 305043 g4 T Tl f) 45

6.3 EREZAT

YN A (8 HEEALH PR AT B #1557 > i (learning
rate) 2 0.01, FFHERE 1,000 I 21000 Y AT ST HFH] 0.9, Y2
BHIBREERYT Ly YUEHERT 5.0 B, BTG gHtbfl46/)N, B2 Ly, UEHIE
LT 5.00 YN 7R ELEIE ST SR BB ST ZREI R

R SR 0.001, F AR R X2 S IR S . YRS
Ly JEEWE KT 40.0 B, CAPEBIZEEIG/N, BEE L, UERIMEST 40.0.
A RS T Adam DA HEAT Y125 [35]0 BBLH i S0 2 1E [—0.1,0.1]
X — XA AT FERRIIG L . FF—HCYNZRET, Tt BN B s L REH L TEL)S
PR EAR I AR BE TS B0/ ML S (mini-batch) FIR/INVE 32, IF
H. embedding AR HI4EE d /& 50

6.4 SEIRFER
6.4.1 IFTTT ¥E&E
6.4.1.1 il & SR ShE S AF B T

ST I R AT A HE S 0 & 6-1F11 62 HH | Dict /R dictio-
nary embedding, BDLSTM /R Bi-directional embedding, A F&7~brifEF msA
LA FnBazliEREEY ) 7F Dict 3k BDLSTM 2 5% A MAEA ST B A 15
FIERRAL . SCTFHERR AT, X THUER IR, A 24 If-Then f2 5

2528 11 JL 50 1T



B A e X2 TR #AT [F-THEN #2549 4 %
FA) Ao 22 A TE RN S EARTE B OIS TEA IS, FRATTA U 12 e A P2 TR Y
XTTF B PR, T A R AT AR T —IE, U Y If-Then 2
Frrp i AUE s SIAESGE . il sRAG ShPF R B TRINE SR, FRA A UiZ R
F7 R R BN B AR Y o AR, FR IR T AR H A 5 TR S
KrghRo H, Chris Quirk 5 AF) LAFZ S — 51 T If-Then 27 & X —1E
B TAE [1]o 1 Beltagy 55 N TAEIZ F— 2@ &M 25 F— D@ EH
HIH AR TN [3]. Hoa ©A B TAENRE Iz 2T &8 7 52 751 Bl
AU RSB HEAT IO [4-6]0 4 T AEEE R WS BEAIEMT, (EX M58 S IE
R A EIRIX RS, BAEES IR Ao

XTI 6 PR g5 Ky () f— b Al, FARBEHLRILRIE T 10 12
BRI B X LB 5 T 205, RIS R BT S 45 R T a2
FIFI . KT RERRE5H4, 24 ensemble k PMERIATINEE ) 4G, FRIEE 10 DAY
HAEIOTESE BRI S R = B kDA SRS EATHY softmax 4 HH T
T HAEN ensemble BB EA G o AT 5 (i EAHE LAE (1, 3-6], FiILH
TR YRS Y B i A 25 R SRR AR IR R Bl S

MELBGEE R FRATAT LIS

e JC1E/&H dictionary embedding 1) J5 7%, i/ H Bi-directional LSTM embed-
ding BT, R E il SO REUS LU PR B B A A s T St
A ) 25 K B0 B PUASR

o XTHFTLILAT 6 Pt UL, i 2T 1 MRIUEET ensemble HYSLH:
RORME A, BRA BRI S.

o YizHZ T 1 MHALIIEST ensemble Y, Bi-directional LSTM embedding /7
ERENZLL dictionary embedding FUFINRE SR . FEFE K, A2 TR
H3H], Bi-directional LSTM embedding H45 R &7 Bz SR LI SUE R,
AN i B R A B 3R 24H, PIGIXFE Y embedding £5 RAHEL T dictionary
embedding K5t BT A8

o NT B 6-1J7R BALETINESS k10, B 1 iA=L AT dictionary
embedding PAM (& 6-1H Dict TXTRIEEIR), H MR S5 sE S L
Chris Quirk 55 ATE [1] HE/R M IFIRER . i i A Bt Sl i

%529 71 3L 50 7T



N sonmarmatmmasin 35 A B8 K ik BALA B AT IF-THEN #2589 6 3,

0.95

0.90
>
O
©
o
3 0.85
|9
O
<
2
c 0.80
2 . Dict + A
) «x Dict + LA
~— BDLSTM
& ~— BDLSTM + A
0750 3 — BDLSTM + LA
........................... -+ Quirk etal. [1]
vvvvvvvvvvvvvvvvvvvvvvvv -- Dong et al. [4]
"""""" -- Beltagy et al. [3]
~ Alvarez-Melis et al. [5], Yin et al. [6]

0'701 2 3 4 5 6 7 8 9 10

Number of Models Ensembled

B 6-1 IFTTT 4% %& L3718 7 69 424 %, 3 F, Dict &7 dictionary embedding, BDLSTM
&% Bi-directional LSTM embedding, A & =R EEZEHEY, LA KRR XEZTHEAY, £ Dict
2 BDLSTM ZJ& &8 AndeA S5 W HE0A & A & A 2 FH A,

PRUEF BALHI A Bi-directional LSTM Y, H 752 ensemble 3 /A [F] [ 45
M REREEEUS LT A A B Y T/EE S MMERE. [1, 3-6]. 4
ensemble 10 M7 A Bz EAHLH ) LSTM B, FeAT AL EA HE TAER
B EETR RS S 1.5 DH D[S, 6]

o X1 6207~ B BRELTIIIAE 552k 150, FRATSEILEY 6 PRl 45 A sE LS
Ft Chris Quirk 58 ATE [1] BRI R IR . BRILZ A1, ensemble 9 ™7
ARAEENSIR LSTM 7] LA 2 B iF B 45 R 58w 5 D E 73 A [3].
WYL, IR BT AR AL R AR BT A TAER S AR R R %
KT 28.57%
6.4.1.2  ERELSELH ]

IEINFAERSCATIE, XTI BARGRGE, A X THarEAR, mRA
HHRES AR, —ICEe MmN Bra 2480y, R8T A 1
TAERBEAMEAT— AR BT A S 20 T 58 2B AT T . JEF3X 5, Chris

2530 11 JL 50 1T



@)y Eidrs
X s’ SHANGHAI JIAO TONG UNIVERSITY ]V}—ﬂ ]73 J\‘/i o, 3& F THEN *I-}j’“ é{] /\};&‘

0.90

0.875

o Dict

Channel +Function Accuracy

Lo Dict+A ] 0.710
0.70}| = Dict + LA
~— BDLSTM
~—— BDLSTM + A
<~ BDLSTM + LA
-+ Quirk et al. [1]
0.65 -+ Dong et al. [4]
-- Beltagy et al. [3]
~ Alvarez-Melis et al. [5]
“““ x Yin et al. [6]
0'601 2 3 4 5 6 7 8 9 10

Number of Models Ensembled

B 62 IFTTT £ 4% % £ & &0 69 £ # %, H+F, Dict &7 dictionary embedding, BDLSTM
47 Bi-directional LSTM embedding, A & 547/ E FHRA, LA A7k XiZ&FHA, /£ Dict
2 BDLSTM ZJ& &8 AndeA S5 W HE0A & A & A 2 FH A,

Quirk ¢ ALE [1] R H T —FRITEA RS HNACR K fabr, WAE 1y H. B
PRI, FRATAT LA — B F ARG 5 A st B2 /Y Tf-Then #2777 H— MBS 1B
(abstract syntax tree) K F~o & 6-38E7R I —> If-Then F&J7 Xt I [ Hh R 1B M
BT T2, FRATURAG R IE DA R 500 B OB LA — & B L
| (production rule) BYi, FRAE AT LA LLER IE A ) F0 G 18240 -5 T HHOR B 4l %
LT £y 15
AR T RESHOR G, HFIEA—E X — D BRI A 28T

g XNT R ?ﬁ%@(fﬁﬂi%ﬁﬂﬂ /TEEI/J L, FRZGIXLE R A S AE T — AR Y
B, WIE(MISSING); FEE], X MES <« ZAFM, < 1& SRR
{EFAE HEERN 0.

BRI EL S ECIU Y S50 25 R AN 6-4F 7R BT 05 B LR BR R L
ZHOMA AR, AR I B T BA R A FHY TR R o MSEER 25 R80T, &
SRR RO R B 2 E T A S S HE MBS EM, (B985
PO TAESEFIIROR . M08, — D EER RS IR T BB AR A0E A R

25 31 71 JL 50 1T



@) ¥ Fx ALY

X2 s tore o i A Ba X ik BHEA AT IFTHEN 425 89 65,
IF
//\
TRIGGER ACTION
Andmid_l"honc_Call Google‘_Drivc (A) CHANNELS
Any_phonicall_missed Add_mw_to‘_spreadshect (B) FUNCTIONS
|
Spreadsheet_name Formatted_row Drivefolder_path

(C) PARAMETERS ‘ ‘
missed {{OccurredAt}} {{FromNumber}} {{ContactName}} IFTTT Android

Archive your missed calls from Android to Google Drive
B 6-3 — AN If-Then #2757 % 2 6940 S35 A AT 694§, TIKE R A [1],

& 6-3 Zapier 3% % L#g Ib 25 R
ME  AE + BREL

BDLSTM+A/LA 97.6% 93.1%
BDLSTM 97.0% 92.8%
Dict+A/LA 96.6% 92.6%
Dict 89.4% 84.3%

H RPN R e s TAEERA I 2 A = o
6.4.2 Zapier HiFE&E

H1T Zapier ZUEAEH, If-Then R YRS EUANE 563, IS TiX 4L
e, POUHEATMA SFAF MBIV E AR T T2 BT HER S — &K
e Eaefrsese, DR 3 R s FT I T A S R e S B B AR
LR

Zapier IR _LRIHNEE R 156 6-3f7~. T Zapier ZUR5ES IFTTT 4L
PREEME A PTG, HHAESRE P I E I, ensemble 22 ML T HME R
R B A IR AT B, RIS TR R 254, e s YR Il Zh— e
ZER . 5 IFTTT BHREN RN, 1F Zapier #HEEE L, Bi-directional LSTM
embedding [t dictionary embedding FJRCR T ; 10X T [F#FEH] embedding /77,
A AL RO AN A TE L A ORI o AN i X 2l
EMERERAG, DRI R RS th REHUS B0 R SRR ORI HIEAE R
Al SR R AL RN BUS T AR R

%5 32 11 4L 50 UL



‘ SHANGHAI ]I.AOTONGUNIVERSITY ié}-ﬂ E%‘ J\‘/i A *%7'1_ F THEN *I-}j’“ é{] /\};&‘

Qm 0.7608
0.76
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 0.742
0.74
(O]
—_
o
1) 0.72
E = Dict
v Dict + A
o7or e < Dict + LA
~—— BDLSTM
~—— BDLSTM + A
~—— BDLSTM + LA
o8 — Dong et al. [4]
0.665 - Quirk et al. [1]
54 2 3 4 5 6 7 8 9 10

Number of Ensembled Models

B 64 IFTTT 435 %&£ £ H A KN 69 Fy 18, 5}'— ¥, Dict & 7 dictionary embedding, BDLSTM
# 7~ Bi-directional embedding, A R TARAEZZTHA, LA A TRXEZZTHEAE, £ Dict &
BDLSTM X J& A AedEAT L3 W LA %A 12 B iE AR,

6.5 RE/NE

EL—EE T SR S5 e B9 TFTTT A Zapier 288 H0(E B3 i
o TR, WIR T MBI N EEEE EREER, X LR s
%Mﬁ?ﬁ%ﬂ%ﬁo

%5 33 1 JL 50 T



) e oo o o 35 A B8 K ik BALA B AT IF-THEN #2589 6 3,

ELtE HB#FHIZ 3 (One-shot Learning)

FEARTE R FOREXT B S8 5 1A E] If-Then P27 BRI X — I8, #2410
—/NETHI R, IASCERAE] 2 > (One-shot learning), Ffiz M IFTTT 1 Zapier P
M EAE G JR R IRRA 2 5 T SR 2

BREGI ST, A R, BRAE R S IR AR B 1 ik BB R DY
EHNE O F i T 2. 2 W 8 —2 TAEE RS 9 2545 55 £ iExX e — Il
GEURB RIS [13-15]0 MAERE R, XFERIIZR s e AR B SO TR )
AR — R EEE B R . UNAEIR A5 &Y If-Then #2J7H1, Toie &
J7H it A BRECOR Z BIE BR AL, FEAR AR T — LE R b AR Y IR 55 5l 1S
PRI TR ALY IX NI, B RARSREL L K R A A R/ H P k45
PRI ST, B DAEIX MESS e BRECRIA S RO S BlS 8K . [A]
I, AR IFTTT B Zapier S5 M3 WIS A6 — 8T B R R £ S H5 1T, 6
EriX— AR A AT If-Then FE P R HUE Do I TREET ST A AL a7
>J ARSI 38 R B R BRI TN 25, AEXAERY S T, AR i T A v
TR I, FEX RS, A EA B SE X Fll 2hdg gk A T
BOL, FFEE 7 — BRI 2507 v, BRI SRR 58 R E =  fE
AT

7.1 Zapier HiRE&E

X T Zapier B4, FAE T — RPBAEGIA S I ZEE, BIXST Zapier
IR E T B SRR, AN GETFEPRERT YA 1~ 2 4 4 4
B 8 I If-Then #2177 o FKHX 4 P YIZREES A4 44N Train-1+ Train-2+ Train-4
Train-8. WIART, iz -5 50— T HH IR A BRI TR A o

FERREI2E S 5 T, BRLAE Zapier $UHEEE_E OSSR EUTINHER R 2>
BN 7-1R156 7-2F7R. VENHES, fERi—EH, £ 6-3FR T HRAEL T
g BN ZE R . LIS 25 RBATE RIN, TEYIGHEARR DR, 241
FE 45 2 AL A TR0 R S T AS AN S 0 HL A /D AR | 4 9R3% HE A T4 23X 1
SH DR B — M EIRRE S . UE DB REARS L E] 8
(R X BB TR B Rk C 2 REIAS 80% 1, R4 Zapier Rub Xt T4F

%5 34 71 3L 50 1T



1B A e XoE AR #4T [F-THEN 425 69 6 %,

FT-1 BB F BT T, Zapier HKIE & L o998 TN A4 £
Train-1 Train-2 Train-4 Train-8
BDLSTM+A/LA 254% 703% 852% 90.9%

BDLSTM 449% 83.7% 81.7% 90.9%
Dict+A/LA 69.2% 84.5% 86.0% 87.4%

K T2 BB F T HFTT, Zapier KI5 L 095 AN A # £
Train-1 Train-2 Train-4 Train-8
BDLSTM+A/LA 626% 24.8% 51.9% 73.2%

BDLSTM 101% 5377% 71.4% 78.2%
Dict+A/LA 263% 568% 72.6% 80.6%

/I If-Then F2 Fp Xt B A B ARTR 5 A BT A T UE R, T LA B HE AR
DRI AT AR — B S B RE T IR .

7.2 IFTTT #iE&E

XF IFTTT B s, WRE 251 BV LR EARE T I 2R 3,
LR LR B, ROV AR EM LT Zapier ZmSEAUME IR
TIRZ, B4 -Then B2 Fy By HAAE 5 ik POANMGEIEIER, MHIESHRZH
GAEEA 7o RS T IFTTT 2ase Y BpEpo ST RO SEe, Bt 1Rl A5
i, TR T SRR R SRR T R A R

721 RFHERBEERE SR gREIRT

N T Is IR EA R IFTTT AU REA A G 7 S 5, Rk T3
FEB 2 S INEREE, IR BAMIE T 0N B, T Ira il R Eu%
HEATEINGE P IR B KRB NEATHE Y . #2 T2k, FRAGEANT9
45, 0 HIMAE top100 F1 non-top100, HH topl100 FEAELE | H IR EEANE
[ 100 i A BR L, T non-top100 ZEAELE T Hag B A fitl A& pREL

2 E— Mk REGNEES S, FATAT AN R 7 A& IX A — AP 1Y
YIGEARSE : T EE—MAE S HAgfl &k k&L, A IR eI 8 dm s iz
MEEH If-Then 17, #IMAZGHAGE R A-FE R ZGEGRE S, X THRA
B S Bl A pREL, FRAEIFIG SRR AL TP BEATLIEEL 10 1>z 2% pR &Y
If-Then #2J7, FEEENTMAZFT AP B GERE T . FARXFET S 4

%5 35 11 4L 50 Ut



) e oo o o 35 A B8 K ik BALA B AT IF-THEN #2589 6 3,

& T-3IFTTT £ LR AP F I B F OIS BE RO EHE L
SkewTop100 SkewNonTop100

If-Then F& 7 B 45 61,341 10,707
S HEAHHY If-Then F2F Y M5 58,376 9,707
AAE S FEA T If-Then F2/7 0 258 2,965 1,000

A A G ER AR IC N (S, S), FFHAAEETE S I REFR A 2%k
PRIZX (majority function), ELE7E S HHYEREFR A /PR L (minority function)o
TEFRBI LG, Foks S 2B BN top100 H245F1 non-top100 F24, MIMALEE T
P AP B N 25 AR o FRAGIX U5 5E 73 RN SkewTop100 44
5 SkewNonTop100 25 -

A EIXFE WD I BRI ZhHLE N T B MO R 5. — 7,
SkewTop100 Hfll TIXFEH)— D5 24— DIALT IFTTT F1 Zapier iIXFEHE{E
FEL MRS A FINI S 885 R AR LE H 3552 Wt i 7 FH A e B ko
[ If-Then B /7 IR Z |, ARLERERS/INAR ) 52 FH AR BT XTI Y Tf-Then 2 77 ]
et — B 2 Je N S AR N. 73— 7718, SkewNonTop100 NI T
—~5 SkewTop100 1375

IFTTT Z0Ha4E b spe g2z > = I B ORE W S iH5 B 5E 7-3F7R . 1
PG H, U BRI, SkewTop100 Il ZREi i 4 AT AUl i S s AE IR SE AR T R R
W, B2z H SkewNonTop100 YIZREUHR AR 75256 & — D BN B APk bk
HIAESS, BRI RE R A A B TF-Then #2572 5 1 RS I B0 A2 1Y
15.73%

7.2.2 REGIZGAE
TESCIGHR ) R 7 LA =R R RN 2071, Hh s —Ror g2
L VEE S AL T T o
1. #r:EillZ 7% (Standard training). Bz FHRIG 19 )1125 77 32200 TR )1 2% o

2. LR Sl 45i% (Naive two-step training). 7%, FAE HEREDZ: Ty
PARXIRIFA TN S I T BG5S, IGEARERIRE A R
WA AEXPE LR, R, R DL R 2L (minority functions)
R TRER AR S BAR. R, XTI EARSE (S, S), T

%5 36 U1 JL 50 1T



Y et o tove o 15 ) 18 X2 FAEA #4T IF-THEN #2569 6 &,

W E A E P B ZUR 4E (rebalanced dataset): X4 ML A
fE S EE EAeREL, FREEHLEL 10 DA R If-Then 27 A E]H
BrERPE RN ZREE T, AT ESAE S TRTEREL, TR A A% R AL
H) If-Then F2 /7 &8I 2 E G B P R G adRE D . £ XE—1
AR, EEFAEREGRE T, B REUIN MR If-Then 27 B AR
AT, TR, FREAZ BTt B AR E AR Ga R | 4kat H
IXAN BT A )P B N R R A X AR R A 7)1 2 o

3. WTill%kiE (Two-step training). 5 AL 2EI1 251 (naive two-step train-
ing) 2510, FEMZINZRiE, FRADINE S RREL PR HEII 257 AT II 45,
IR T — PTG E R AR . H2, SRS B
A, ARSI SRR 25 )1 5 R A A S R ) S )~ £
WEAREFITINZR, MAEPEIIZET, B T B S E A B
ZHUEHEE, RIGREE B0 I24 LUK 41 R ka A St
BUZER Y], FE58 20 FOK 01, 0y, u TV FIZEUEA R, HH
BT RPN R I 25 05 TH P IX NS EL . IR FEAY 2 24k
A2, PSS P RIGEER /N T o —2 ) X R Al AR /28
AT ENGIZE 0, RIS R AR
723 SRR
TR TR LB A AR 5 A O U T ST A A = RSB 2507 o R T4 A
T, A RlizH T SkewTop100 B SkewNonTop100 Z A 111250 1E
TRAH S BRI A A BN AR | R X SRR AR AR I If-Then 72
JF 6 AT S5 BRI REAN W A T B AR T I HIX Seps iy 3 FH w25
PRI HUAh, FEIXAH L, FRIXAHH ensemble A
£ IFTTT Hda s LabAT Bpe = > i) Sege 85 R an & 7- 118 727w, H
HORE R BAREUESS B M 5% Ao YENZ7, H) BDLSTM+LA BIBUAE il 4 b5
TN _EREE IS 89.38% HITERGAS, HHLE top100 HYRKELFTAS W Y If-Then
FEFES ERERARIE 91.11%, 1F non-topl100 K EREFT XS I ) If-Then F& 745
A ERIHETIRAE 85.12% . MRAESLIREER, AT LDERI LI T ELA :

o EMMBIGRIEN 25, oIt B e, i eE/ DEeR R
HOTE R, A TR 2507 TR R A P2 I S ) SR 25 R T
AT
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RIS S S

SRS Nl
x X x
¥ Q £) Qy X o Q: Q ‘b Q

85
8
7
7
6
6
5

v O un O v O

B All Trigger Function B NonTopl00 Trigger Function

B 7-1 & SkewTopl00 %% & #AT V| 4R 69 i & B M e A %, o TH—F] XY+Z, X €
{B, D}, &~ embedding #J 7 7 il # % Bi-directional LSTM embedding i 5 dictionary embed-
ding; Y € {A, L}, KT EZEIH A6 ZAFAEZEIH LR XZETNAH; Z € {S,2N,2},
Fon I STy B R B RATEN Ty ik, BALIRE T I Rk, TR T %k,

70
65
6

5
5
45
4
35 I
3
x

(j
‘?‘ ‘?‘ X L x
¥ X qu Qv" Q,\,Q o @~ 0

o o o

o

B All Trigger Function B Top100 Trigger Function

B 7-2 12 i) SkewNonTop100 £ ¥ 4 BE4T I 45 69 ik K% BTN A4 &, 2F T B — 5] XY+Z, 3
23R H 7-1,

o ARG IERS, BaaE B 1 S50 SOR HObR VBT RS R A 22
o

o TEREGIE ST s, 15 BB IR 2R R 1Y Dict+ LA R GRS IS
AR TIIER R . Hrdr, 5 H SkewTopl100 3RS TG, 2Rl
REFEMINEE EIUS 82.71% I1fil & BR AL IMIERA 2 ; iz H] SkewNonTop100
BAREATING )G, ZRREAE MRS _EHUS 64.84% I fith & o5 BN
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B s o Toss sy i5 I Fa X i B HLA $AT IF-THEN #2589 6 %
W (BN, Jiz BN INGEIREITIIGR, DictLA REWEUS
89.38% Ffisli A& PRACHINIMERE % o £ 7% SkewNonTop100 £ 4E - 5 T3
D IRIE N AEIRSER) 15.73%, KIiEH SkewNonTop100 s 5% F R it
FTINBAR A PR

o UETE SkewTopl100 YIIZ5EHEEEH , non-top100 PRELTXT 1Y If-Then 27
ST A USR5 30.54% , 18] SkewTop100 YR E R EES T
YIZ5J5 , Dict+ LA 7 REAS A2 D ER A IS 78.57% RO TINIMERG=E . 1
N2 Yis A RGN GEAR I TSN, Dict+LA B REAS AT/
KR E EBUS 85.12% AOTRINIERG R o

7.3 RENE

TEX—EH | FREF XN B AE 5 A 2 If-Then F2 /7 HOBHRX — 1508, $2EH
— AR, WAL 3] (One-shot learning). X T X 75, e iliz
HE AR IFTTT F Zapier AR THICHSEL, R THRAEIZ S =
FISEEGEE R . A, RGBT T — DB 257 i, R IX A — 1
WIGREHRER = BT TN RAR 2] T & 3Tt .
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o T 35 A B8 K ik BALA B AT IF-THEN #2589 6 3,

ENE RANIEERAELEERSH

ik —F | R R B 1 S 25 R T e — 2B AT o

e 81, FRIEIR T — LR AU  E RN G IR AR, ARSI X 264
BT RE AR EAE . X B, KR AYE DicttLA BALAYEE R I P AoR
Dict+LA 4558 A2 BN BDLSTM+LA %558 2K Miz [ Bi-directional
LSTM embedding {7 50T, XT84 A B3] ) embedding HA 58 4% W T1X
DERIRAR S | IX 2L embedding LA T IXMIRAESCR I BT SUE R AL,
OIS, Dict+LA BYZER AT LGRS 83 T 204 5 el R R A A T

MIEFIRATAT CUABL, AET R AR A REA T, IRLEXT Pk ) 1 R EE i
Syl S A BT 5% MR B 5 AR A A I 5% A BRI A Y 1 25 e
ABE AR, B ia S . — B BRI -2 1 (b), fEX M),
IR T T s B B A . X U I R T AR < XA
RS “to” IXFERY I SCERIRAE )1 AR E) T RAITER . b 2RI
MG, FEAIF (o) H, “>7 RPFRIRT 1 Hem A ERFERACE. X EalfE
BT IR B BT TAL BN B bR Ao A T R BR A A S AL, (A
NMNATAT B2 AR EERF S RA N — S SRR A T 5 o

FE— SR BRI A 1) 7y, FRA B — L9 A I A A EF IR T . 7E
17 () H, EARSCAS B A BH v A firh & A0 /2 “Facebook”, [H A& SUAH
1] “photo of me” IXEBCFME7R | “me” Wi “tagged in the photo”s BT X AT,
N NSRS DASE BT HE At & PR 1% H H “Facebook” iXMIE , 1% BREL £ 7R
#& “You_are_tagged_in_a_photo”, #ATT Dict+LA FR A M ZREHE 2 40X
RN M AT T e AEIX A, AT BEARRLZS “of me” IX B U
TR T EACE, AR SL IR, MSRIREE R, “of” Ml “me” iX
PR A AR 43 3142 0.01 1 0.0070 3X 3568 Dict+LA H5E8 35 443X W 4~ 34
T “You_are_tagged_in_a_photo” iX P EREUE X WK Re 73—, BT
BDLSTM+LA ] embedding H*, X} T4~ embedding 2375 JEH F N UFRE,
PRI T A] 3, BDLSTM+LA 157 GBS 27 2[R I 25 & <of” F1 “me” IX I,
DR RE A Ao 34—~ 8 LA ) T
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Correct Predictions

(a) Post your Instagram photos to Tumblr | (b) [ Spreadsheet with the daily weather , triggered at sunrise.
2 | latent 0.75 0.14 0.57
go trigger 0.8 0.15 0.21 0.47
2 | action 0.76 0.33 0.54
E trigger Instagram.Any_new_photo_by_you Weather.Sunrise
o action Tumblr.Create_a_photo_post Google_Drive.Add_row_to_spreadsheet

(c) Instagram > flickr (d) If send IFTTT a text tagged #todo, from cell phone then quick add event to google calendar.
2 latent 0.12 0.81 0.16 0.42 0.17
,J:f)n trigger 0.67 0.2 0.1 0.15 029 0.23 0.12
3 action 0.16 0.13 0.7 0.1 0.18 0.14 0.23
g trigger Instagram.Any_new_photo_by_you SMS.Send_IFTTT_an_SMS_tagged
© action Flickr.Upload_public_photo_from_URL Google_Calendar.Quick_add_event

Misclassified Examples

(e) Download any photos of me to dropbox Truth (Trigger)
g latent 0.11 0.83 Facebook.You_are_tagged_in_a_photo
.%D trigger 0.44 0.19 0.24 Prediction
2 action 0.34 0.18 0.39 Android_Photos.Any_new_photo

(f) Instagram to Wordpress Truth (Action)
] latent 0.92 WordPress.Create_a_post
gﬂ trigger 0.85 Prediction
2 action 0.8 WordPress.Create_a_photo_post

B 8-1 Dict+LA # A 492 ERE 94| F. K F, latent. trigger ## action % | K&
RNEERE, A TRAMARE SO RLERE, AR TRMNNMEFHORERE, £B T,
KA BT AT T 0.1 89 RALH T,

FEA]T () ', Dict+LA Ffit A& AT A, T “Create_a_post™, [ AR Ff:
BANHRBXFE— 25 #i/2 Instagram 5B A K. L, ETlf s s
A, BUAE “Instagram” X0 B BTEEACEEAR. AL, FAT (e) —
Ff, BDLSTM+LA {5RERX ) 7~ H iR A A o

8.1 ZARE/NZ

fEIX—F R, IOSERATEERI A LR 2 R T T2 A, R T
BRI () IR A S 4R R TN B, I AT 1R IO B R 4
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1B A e XoE AR #4T [F-THEN 425 69 6 %,

EhE Zie

X ERIe S, B EEFE— A W SCFHEIA S If-Then(W1AR- M)
PRI, A TS X—E55, it 7 — g Mg sy | fy o8 «fa
A JE Y (Latent Attention)”s SCIGEEREEH ) X —FrBRLE IFTTT 204548
AT BT O B TAREE SRR AR T 28.57%« Z BIMFSEIX—AE55 1) TAE A
LEIFTTT R L TaEAl, AR SR, I T —1> Zapier U
£, HHER TERIEZEHRE ERIBUR . BRIt b, I X —E 5542 H
TIN5, W ERAEE]2%>] (One-shot Learning), JFH B4 B4R
TR REHIE — . AT IX—IIGEIRE DS, XREEESHRH T
— T BRI T, XN R R A XA R 3 T A B AR S T 1
WSRO A IR BRI .

LEEIX RIS, AN BIAE F HAZ] If-Then 72 /57X ME 5 _EHL
137 LA TAER G B IIRACR , X TX—18, 58 A A/ J7 n{ERG
R Pk, FAGRI U SAKIX 7 H TAEAREE A J i U

1 EBE3], 4uT, R RFTR BT BESRAE IFTTT A Zapier W40
£ EAREUS TR AR, (AR B R RN I8 s 5 _ B Tl %5.
T IFTTT Ml Zapier ZHEEY, FEARMSHB L., F—MAEMER
)5 T2 WA AEASE Y« s /0 B TIFTTT (Zapier) Y2 83REE AT
ZIRTIE T, 705013 3 — DR ARSI 5 R BB REARAE I 14K
PR IR BSR4 B PR AR o

2. HEFHERSG, (ERTSCEIRE], b AR HAAE S A A S K2
AU EBZHEE, NSEBAINES 2 MR — e B
A ERBSEH) I-Then B2y A, ££ N 2RI TAES, FATa] Litggt—
XGRS, MRS R T If-Then #2789 FL L6307 50 2 3H T TE4E Y
TS, (EREAS B LA AR AN S 0 Hdn SRy A A

3. R EME M If-Then F2F, (EXREEESCH, FRIEEBIY A B
A If-Then 274 HAL&— If-Then 18] . K, fFEZJ5HIMF5EH, —
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e SHANGHAI JIAO TONG UNIVERSITY ié}—ﬂ ]‘E%‘ i\“/‘i %:*%ﬁ i&'f’j‘ IF—THEN *E}ji' é{’ /5\)5&4

AT PR R BT 1A AR A & 221> If-Then 15A), AN AL 2 If-Then %
RIRERIEA], HWZEPLLIT Stringify.com AT SZ#F R If-Then 27 BT o
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Unavsr iR I X2 TR #AT [F-THEN A2 5 49 6 %

MR A SLEERNEFHEEFEER
FEZMEET, TR 7 IFTTT SR S04 B BB .
A.l B If-Then BIFERHEE

PRI Tf-Then F2 /57 42 B AE55 1 SE G 245 R AN RtE A-1. A28 A3 . Hidr,
ek A-LIETE R T8 6-1, ek A2 BN T 8 6-2, k& A-310%(E
X T & 64

A2 EBEiFEflES
X F ] T-1FTE 72 BB S5 SR B e ks A—4F1 A-SPITR o
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y) X EXALF o o
>/ SHANGHAI JIAO TONG UNIVERSITY jé}ﬂ H’é‘ i\“}i %:*%ﬁ _‘i&/f’ IF_THEN *2}—?—» é{] {3\)5&‘

# A-1IFTTT #%3E & Loy mm s PR FH 6-1)

Ensemble 1 2 3 4 5 6 7 8 9 10
Dict 719 728 735 74.1 747 80.1 80.5 79.6 80.5 81.3
Dict+A 82.4 83.0 83.6 83.2 83.2 832 83.7 839 83.6 837
Dict+LA 87.3 877 885 877 877 873 87.0 864 864 875
BDLSTM 84.8 89.2 90.1 904 90.6 90.8 904 909 914 91.6
BDLSTM+A 89.2 904 904 89.7 904 904 90.8 909 90.8 91.1
BDLSTM+LA 89.6 899 90.2 904 90.8 90.8 909 909 914 91.6
Yin et al. [6] 90.1
Alvarez-Melis et al. [5] 90.1
Dong et al. [4] 89.7
Beltagy et al. [3] 89.1
Quirk et al. [1] 81.4

# A2 IFTTT # 4% & L 6g J 3 man % GHR T8 6-2)

Ensemble 1 2 3 4 5 6 7 8 9 10
Dict 71.6 747 747 759 76.0 76.0 757 75.77 76.0 764
Dict+A 740 760 759 76.0 764 757 76.5 71.6 772 772
Dict+LA 79.6 784 780 789 78.0 799 79.9 799 813 822
BDLSTM 78.6 81.8 815 824 841 854 856 86.0 858 854
BDLSTM+A 80.3 83.6 84.6 844 84.6 844 844 846 851 84.8
BDLSTM+LA 82.4 837 853 86.0 85.8 85.6 86.0 86.8 875 873
Beltagy et al. [3] 82.5
Yin et al. [6] 82.0
Dong et al. [4] 78.4
Alvarez-Melis et al. [5] 78.2
Quirk et al. [1] 71.0

A A-3IFTTT %3 4& EZ A HmN e F 8 GHeTFHE 6-4)
Ensemble 1 2 3 4 5 6 7 8 9 10

Dict 709 726 724 72,6 727 727 72.6 724 729 729
Dict+A 72.6 732 73.1 732 732 73.0 734 734 734 735
Dict+LA 73.1 73.8 745 742 749 748 747 750 75.1 75.1
BDLSTM 732 750 758 76.0 76.0 76.1 76.5 764 764 764
BDLSTM+A 744 758 759 759 760 76.0 758 76.0 76.1 76.0
BDLSTM+LA 747 76.0 760 763 76.2 762 763 768 76.7 7638
Dong et al. [4] 74.2
Quirk et al. [1] 66.5
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Y EXAAY ]
SHANGHAI JIAO TONG UNIVERSITY ié}—ﬂ ]‘E%‘ J\‘ /i A 4‘:%7'1_ F THEN *I-}j’“ é{] /\)5&‘

# A—4 & A SkewTopl00 24 & #EAT VI %5 69 fik 2% UM A %, s FH—%] XY+Z, X €
{B, D}, &7 embedding #9 7 74 A #3 % Bi-directional LSTM embedding &% dictionary embed-
ding; Y € {A, L}, KT EZEHH A 69 AR E FAUH LR X IE ZTAH ZewaN2}
R Ty ik R 6 RAT R G T k. WACRA T I SRk, LAY I % aﬁ‘ LR T
A 7-1,

B+S BA+S DA+S BL+S DL+S BA+2N DA+2N BL+2N DL+2N BA+2 DA+2 BL+2 DL+2

All 7791 79.50 7840 81.51 8030 80.82 81.85 81.34 80.99 80.99 8190 81.30 82.70
NonTopl00 57.74 60.10 67.30 60.71 69.10 74.40 76.79 75.60 76.19  75.00 77.40 76.20 78.60

# A-5 12l SkewNonTop100 £t 3% % # 47 9 4k 69 fik 2% AN A # £, 3t T H—F XY+Z,
SR A A4, BZERAETA T2,
B+S BA+S DA+S BL+S DL+S BA+2N DA+2N BL+2N DL+2N BA+2 DA+2 BL+2 DL+2

All 47.09 51.00 5290 5291 56.00 59.59 63.87 61.13 63.87 60.62 6280 62.70 64.80
Topl00 31.01 37.00 39.70 40.87 4280 55.29 56.01 53.61 56.01 54.09 5390 57.70 57.50
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LATENT ATTENTION FOR IF-THEN PROGRAM SYNTHESIS

Programming is ubiquitous nowadays, but programmers are not. In the future,
programming systems will be much more friendly for users who may not have received
professional programming training. Recent years have witnessed the emergence of sev-
eral commercial websites towards this goal, among which IFTTT.com is an example
that allows users to simply specify a trigger and an action to construct an If-Then pro-
gram, which means that the action will be taken when the trigger condition is met. Such
an If-Then program enables users to easily customize their digital lives by performing
tasks such as weather monitoring, organization, and scheduling, without having to code

in a more full-fledged programming language.

Despite its simplicity, the If-Then program representation may still not be explana-
tory to users. On IFTTT.com, an If-Then program creator usually provides an optional
natural language description to explain the functionality of the created If-Then pro-
gram. In my view, however, a more desirable way for end-users to create an If-Then
program is to describe only its functionality in text, which will be automatically trans-
lated into the corresponding If-Then program. Inspired by this idea, in this thesis, I
studied the problem of translating from natural language descriptions to If-Then pro-

grams.

Automatically synthesizing If-Then programs based on their descriptions is an in-
stance of the challenging semantic parsing problem, which has baffled researchers for
decades. Recent work [1-6] studied the problem of automatically synthesizing If-Then
programs from their descriptions. In particular, LSTM-based sequence-to-sequence
approaches [4—6] and an approach of ensembling a neural network and logistic regres-
sion [3] were proposed to deal with this problem. In [3], however, the authors claim
that the diversity of vocabulary and sentence structures makes it difficult for an RNN
to learn useful representations, and their ensemble approach indeed shows better per-

formance than the LSTM-based approaches [4—6] on the function prediction task.
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In my investigation, I found that neural networks can be used to generate the cor-
rect If-Then programs in most cases, but sometimes they misplace the triggers with
actions. To overcome this difficulty, in this thesis, I design a new attention architec-
ture, called Latent Attention. With Latent Attention, a weight is learned on each token
to determine its importance for prediction of the trigger or the action. Unlike standard
attention methods, Latent Attention computes the token weights in a two-step process,
which aims to better capture the sentence structure. By employing Latent Attention
over outputs of a Bi-directional LSTM, I show that on IFTTT dataset: (1) when pre-
dicting the trigger and action functions together, the new Latent Attention model can
improve over the best prior result [3] by 5 percentage points from 82.5% to 87.5%,
reducing the error rate of [3] by 28.57%; (2) When predicting the trigger and action
channels together, the new Latent Attention model can improve over the best prior re-
sult [5, 6] by 1.5 percentage points from 90.1% to 91.6%; (3) When predicting the
entire abstract syntax trees of If-Then programs, the new Latent Attention model can
improve over the best prior result [4] by 2.6 percentage points from 74.2% to 76.8%.

Meanwhile, for this natural language descriptions to If-Then program synthesis
task, besides IFTTT.com, there exist other websites supporting If-Then program syn-
thesis as well, such as Zapier.com. However, all previous works only focus on IFTTT
dataset. To give a more comprehensive study of this If-Then program synthesis task,
I introduce Zapier dataset, and provide experimental results using this dataset for the
first time.

Besides the If-Then program synthesis task proposed by [1], I am also interested
in a new scenario. When websites such as IFTTT.com release new channels and func-
tions, in such a scenario, for a period of time, there will be very few recipes using the
newly available channels and fucntions. However, we would still like to enable synthe-
sizing If-Then programs using these new functions. The rarity of such recipes in the
training set creates a challenge similar to the one-shot learning setting. In this scenario,
we want to leverage the large amount of recipes for existing functions, and the goal is to
achieve a good prediction accuracy for the new functions without significantly compro-
mising the overall accuracy. To achieve this goal, I propose a novel two-step method
for training the model. For the evaluation, I simulate the one-shot learning scenario

with the existing datasets, and my experimental results show that the Latent Attention
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model on top of dictionary embedding combining with this new training algorithm can

achieve a reasonably good performance for the one-shot learning task.

Although in this thesis, my experimental results outperform the state-of-the-art
results on IFTTT dataset, still, this thesis is only a first attempt towards the ultimate goal
to make programming universally accessible to all computer users, and it is by no means
the final destination. In the conclusion of this thesis, I provide some thoughts of the
future work, and I hope the community can further explore such kinds of description-

to-language translation tasks in the future.
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