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1B XfEMT (Semantic Parsing)
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15 M RITES ENX

 BEARESOUFERATTEN RN, rTERN. ==
FNENZFE, Wllambda-FA=,. SQL. EVEE

[E?: CCKS-20217ERp M2+ ]

[
.

lambda-FaE=, : Ax. W (x) A 2570 H(CCKS — 2021, x)

~

SQL: SELECT &7t FROM =¥ WHERE £ #=CCKS-2021;
g} A: B (A2 Ceks-2027)

o /

John M. Zelle and Raymond J. Mooney. Learning to parse database queries using inductive logic programming. AAAI-1996.




B BTS2

 ESREMCERIES (language to query)

JIERAVEBETRIAFAWL? == Ax. K¥#E) A HTEX) A TJER)

JEhn

FIR et &
B Za B| =N
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PRIX BT a2
16E 155 b=

1 CHB BT b=

Yuk Wah Wong and Raymond J. Mooney.
Learning Synchronous Grammars for Semantic Parsing with Lambda Calculus. ACL-2007.

3 CHB




B BTS2

12528 (language to code)

4 ANL

Adds a scalar to this vector in place.

AW

add (final double arg@) {

= 0; loc@ <

vecElements[locB] += arg®;

Srinivasan lyer, Yannis Konstas, Alvin Cheung, Luke Zettlemoyer.
Mapping Language to Code in Programmatic Context. EMNLP-2018.
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« 1E52IH28FIE<S  (language to instruction)

“The man in the yellow hat moves to the left of the woman in blue.”
BEFORE AFTER

»

move(hasHat(yellow), leftOf(hasShirt(blue)))

Kelvin Guu, Panupong Pasupat, Evan Zheran Liu, Percy Liang.
From language to programs: bridging reinforcement learning and maximum marginal likelihood. ACL-2017.
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« Grammar-based « Constrained
Decoding
2017- 2020-
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« Rule-based « Seq2Seq e Pretrain
« PLMs+

Constrained
Decoding
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= STUDENTZE% [Bobrow, 1964]: EFHINIAIEECECKR
= MRS ERAETWR. LS Z2/8EME, BeziRE
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» BES|RR FUDERPKE, FEEERMANGE

= (URMESIA: ETRE-AESGENNE T
- CCGHIDCS

- ZOHEM: R (lexicon) . HEGE (grammar) | HEERIEE

Type.citylPlaceOfBirth.Barack Obama

Gram mar\

PlaceOfBirth. Barack Obama

JLARN

Type.City Barack Obama PlaceOfBlrth
R
Lexicon Lex!con Lex!con Kig: RHF,
. - HERE
Which city was barack obama born in?

Jonathan Berant, Andrew Chou, Roy Frostig, Percy Liang.
Semantic parsing on Freebase from question-answer pairs. EMNLP-2013.
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» BES|AA: HEMERE (F55lESeq2Seqi=a!l) EBEMESAL

EHEES ERN RN ESHIALI

» REERAIUFIIL

o 1B XTI RN Y R ZERIAT RS REIFIRE (Seq2Seq)

Attention Layer

. | N
what microsoft jobs

INLST

do notrequirea —;
bscs? C’

BHIERISAELR, L

RiE: WMAFIRIEXERTAIR
RSREZ ARIEXER

answer(J,(compa

ny(J,'microsoft'),]

ob(J),not((req _de
g(J,'bscs")))))

Input Sequence Sequence/Tree  Logical
Utterance Encoder Decoder Form

Li Dong, Mirella Lapata. Language to Logical Form with Neural Attention. ACL-2016.
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» BES|IRR: KSR |4aESEEMNEMLo, BERT, GPTEHE
NLPRYZMESS LBEUSRRA
= Pre-training then fine-tuningfpromptpk /9 7 NLPEIFTE

T FIE MR BT || 4R Bz B R || 4R=E

KR WIEEER. TS

FIMES S ATBEREITRR
e EIPAEERYIR

Transformer Encoder

t f

[ <s> show the student id that have more than 6 class ] <Is> classid </s> studentid </s> . <is>
When's my coffee with Megan? ‘What time am I brewing coffee with Megan and Megan and Megan?
Pre-irain with MLM foss Pre-train with SQL semantic loss
_ Questions over Tables N o _____ SytheticTed-to-SOLExamples - ___ Tebles Natital Utteratic L age Model Canonical Utterance Meaning Representation
r’ Which <mask> with most I./ Show the student id that have more than © ciass . \I ’,’ o \‘ Natural Utterance anguage Mode! PR A SCFG (vield :output (:start (singleton (:results
o | SELECT student_id FROM class GROUP BY student_id HAVING COUNT(¥) > 6 e . - > (FindEventwrapperiithDefaults :constraint (Constraint[Event]
| official languages. I < Sl ¢ 1 | (id. ... student id) I What time am I getting coffee with Megan? - e e A “ {attendees (Attendeeli ipientConstraint
| I Show the state that have no less than airports . I | = I . . 5 g ir nstraint (Rec: ike :const
| Whatis theidof tha <mask> | | SELECT state FROM airports GROUP BY state HAVING COUNT() »= 3 laomPe Tovles) T } "coffee" with "Megan" e e e o e S e
I recent customer? I id, city, .., state] -
| 1 | : - }
I | [ 3 T .
| Which <mask> fﬂvs atv. : Show the open year that have below ! shop . 1 l ( dmssj"ﬂ“ﬁ’;ﬁﬂ_ynarj J Constrained Decoding Coffee was find
\ lounge? J \_ SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(®) < 2/ % y it tine
e e “ ~———————— - Language Model ¥ of event
Sample New Examples
Annotated Text-to-SQL Examples Synchronous Context-Free Grammar
——————————————————— e e

f ROOT — {Show the coLuMNO that have OP0 VALUEQ TABLED.,

| SELECT COLUMNO FROM TABLEQ GROUP BY COLUMNO HAVING COUNT(¥) OPD VALUEQ}
| 0PO— [, <, 5=, 1}

[ oo

l\ > — {more than, higher than, ...}

{

: performances .

| SELECT location FROM performance

: GROUP BY location HAVING COUNT(¥) »= 2
\ e

induce Grammar

- ~
Show the locations that have at least | \‘

I

F

I

|

J

Tao Yu et al.. GraPPa: Grammar-Augmented Pre-Training for Table Semantic Parsing . ICLR-2021.
Richard Shin et al.. Constrained Language Models Yield Few-Shot Semantic Parsers. EMNLP-2021.
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» ETREFINNENHETGE
- Seg2Seq. Seqg2Tree. Seq2Action
— Constrained decoding
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- ETFRHNGEFRIRNIEE, ETEH-HEGEDEFPHEREFS

= ATENFHE

s R NEIRBYENLPEA(ES LB TR IH
— EFencoder-decoderiEZRRIMRELA I BSENIE

Er lebte zu essen .

Softmax E

Decoder E

NULL Er liebte zu essen

He loved fo eat



RRIESE

s Seq2Seq [Dong & Lapata, 2016; Jia & Liang, 2016], Seq2Tree
[Dong & Lapata, 2016]

s Seq2Act [Chen et al., 2018]



SEQ2SEQ AND SEQ2TREE

Li Dong, Mirella Lapata. Language to Logical Form with Neural Attention. ACL-2016.
Robin Jia and Percy Liang. Data recombination for neural semantic parsing. ACL-2016.



Seq2Seq: EIE N FENTEIEN 2580

» BIBERIANFIIN, BIF—FFtoken, MITEE NS
Seq2Seq|AJRR

Attention Layer
answer(J,(compa

what microsoft jobs R - (' mi ft)
. ny(J, microso s)
do not require a _"G —_’G > ob(J),not((req_de

bscs?

g(J,'bscs"))))
Input Sequence Sequence/Tree  Logical
Utterance Encoder Decoder Form

Li Dong, Mirella Lapata. Language to Logical Form with Neural Attention. ACL-2016.
Robin Jia and Percy Liang. Data recombination for neural semantic parsing. ACL-2016.



Seq2SeqHI|AJER

 ENFTPRERES (1BXFR) BEEEREM, MmSeq2SegiE
B(IEIE N R TBERIIL, NMZER T BREEER

lambda $0 e <n> ‘

and <n> <n>

R > <n> 1600:ti from $0 dallas:ci

‘ departure_time $0

\

R LR lambda $0 e (and (> (departure_time $0) 1600:ti) (from $0 dallas:ci))




Seq2SeqHI|AJER

= BXETTRIEINES (BXFRT) BEEEREM, MSeq2Seqi
BIBENEFRREFIIG, B T RREEERE

» SEERIESIIEPREE S ESHHIRRE KT

lambda $0 e <n>

|

and <n> <n>

/ \
<n> 1600:1i from $0 dallas:ci

departure_time $0

\

R R lambda $0 e (and (> (departure_time $0) 1600:ti) (from $0 dallas:ci))

I I

EIRTR

>
4
|

TF dallas to san francisco leaving after 4 in the afternoon please



SeqlTree

» EIR{RYdecoder, AERBHBNENFTRFS, MEEMEX
FHIBNEN T~ (tree)
= FA<n> KRS EFPRIIERERT

lambda $0 e <n>

I

and <n> <n>
/ \

> <n> 1600:ti from $0 dallas:ci

departure_time $0

Li Dong, Mirella Lapata. Language to Logical Form with Neural Attention. ACL-2016.



SeqlTree

« BRI decoder, AERRBHBNEN T RFS, MEEMEIX
EMHUBNEN TR (tree)
- BRI <n>EEFERIE—BAGIE, BRI AT AL,

lambda $0 e <n> </s>

from $0 dallas:ci </s>

departure

] S0 </s>
_time
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Seq2Seq/Seq2TreeF

= AROIGIESTAERZE S TIREENAERNE R BRI 5T

Whatis the highest mountain in Alaska ?

a=vablk:l

\‘ i' ‘I .I
(mounfa

(argmax $0 (and 3in:t
Ct Yt ]
D % @O0 hy"
Attention
Scores \Q
+ZZg - 32

+

+

v
Encoder

Decoder



Seq2Seq#1Seq2TreeRV4EE

JOBS

ATIS

Method Accuracy
COCKTAIL (Tang and Mooney, 2001) 794
PRECISE (Popescu et al., 2003) 88.0
ZC05 (Zettlemoyer and Collins, 2005) 79.3
DCS+L (Liang et al., 2013) 90.7 Method Accuracy
TISP (Zhao and Huang, 2015) 85.0 SCISSOR (Ge and Mooney, 2005) 72.3
SEQ2SEQ 87.1 KRISP (Kate and Mooney, 2006) 71.7
— altention 719 WASP (Wong and Mooney, 2006) 74.8
— argument 70.7 A-WASP (Wong and Mooney, 2007) 86.6
SEQ2TREE 90.0 LNLZ08 (Lu et al.. 2008) 81.8
— attention 83.6 ZC05 (Zettlemoyer and Collins, 2005) 79.3
ZC07 (Zettlemoyer and Collins, 2007) 86.1
Method Accuracy UBL (Kwiatkowski et al., 2010) 87.9
ZC07 (Zettlemoyer and Collins, 2007) 84.6 FUBL (Kwiatkowski et al., 2011) 28.6
UBL (Kwiatkowski et al., 2010) 71.4 KCAZ13 (Kwiatkowski et al., 2013) 89.0
FUBL (Kwiatkowski et al., 2011) 82.8 DCS+L (Liang et al., 2013) R7.9
GUSP-FULL (Poon, 2013) 74.8 TISP (Zhao and Huang, 2015) 88.9
GUSP++ (Poon, 2013) 83.5 SEQ2SEQ R4.6
TISP (Zhao and Huang, 2015) 84.2 _ attention 72.9
SEQ2SEQ 84.2 — argument 68.6
— attention 75.7 SEQ2TREE 87.1
— argument 72.3 — attention 76.8
SEQ2TREE 84.6
— attention 77.5 GEO

RREEFIRIdecoderEBREIF IR T BimE MRTRIEN, XEEMERE B IERE MENERR
AttentiontlHILHREL S TIRIEENANEANE N ZAIRYERRSFE, 22l 7 RIUTIRELRIRER



SEQ2ACT

Bo Chen, Le Sun, Xianpei Han.
Sequence-to-Action: End-to-End Semantic Graph Generation for Semantic Parsing. ACL-2018.



Seq2Act

» ZEIRNGARBSERBNE X R stokenZ [BIRYEXER
- WNfrom REETHI NS

- MfromAEE NS MR BRI BN Lot |

and <n> <n>

=
> <n> 1600:ti from|$0|dallas:ci
|
. %iﬁ)‘ii@ﬁ?iﬁ)‘i ‘ departure time $0

- SHTREEN ZFERR, oM ABAIRERIRNRZIER

= FFRNNREIHYEFRRBEIF IS IFTNEES

— i 2 i

Bo Chen, Le Sun, Xianpei Han.

Sequence-to-Action: End-to-End Semantic Graph Generation for Semantic Parsing. ACL-2018.
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Seq2Act: imZEimiE X

type
return (A) yP CstateD =
next_to e X

(texas:st )
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Seq2Act: imZEimiE X

=AY,

_— t

e
return yp Cstate) =
next_to e X

(texas:st )
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Seq2Act: in2limiE M [E
e — e

(A)
@, [ Y }

/Action 1: add node A \
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Seq2Act: inZlimE X E

I

[ wXE

/Action 1: add node A \
Action 2: add type state

o /




Seq2Act: imEimiE X B %Rk

I

[ wuE

/Action 1: add node A \
Action 2: add type state

Action 3: add node texas:st

o /
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Seq2Act: inZlimiE X E

type
(A —>Gtate> _
next_to [ 1 L& }

/Action 1: add node A \
Action 2: add type state

Action 3: add node texas:st
Action 4: add edge next_to

o /




Seq2Act: imZlimiE X B4k

type
return e yP CstateD Y
next_to sl

(texas:st )

/Action 1: add node A \
Action 2: add type state

Action 3: add node texas:st
Action 4: add edge next_to

/

Action 5: return

o




It
|

Seq2Act: imZlimiE X B4k

type
return e yP CstateD Y
next_to sl

(texas:st )

/Action 1: add node A \
Action 2: add type state

Action 3: add node texas:st
Action 4: add edge next_to

/

Action 5: return

\/
| B
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Seq2Act: inZlimE X E

ERY,

type
ST (A Gate> E Y E
next_to H A

(texas:st )
/Action 1: add node A \

translate Action 2: add type state
Action 3: add node texas:st

|

Action 4: add edge next_to

/

Action 5: return

\/
| B




It
I

Seq2Act: inZEimiE X B4Rk

next_to

(texas:st )

return [ 5B }

/Action 1: add node A \
Action 2: add type state

~ Which states border Texas? || Sequence-to-Action .
Action 4: add edge next_to

/

Action 3: add node texas:st

Action 5: return

\/
| B




Seq2Act: HERIFELE

!

2

Sequence-to-Action
RNN Model

Constraints Generate

A 4

Action
Sequence

Sentence |————|

Which states border Texas?

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

add_variable: A
add_type: state
arg_node: A
add_entity: texas:st
add_edge: next_to
arg_node: A
arg_node: texas:st

Construct

\ 4
Semantic

@

Graph

BN

**************************************************




Seq2Act: THES

Al

Add variable node
- E.g., A
Add entity node
- E.g., texas:st
Add type node
- E.g., state
Add edge
- E.g., next_to
Operation action
- E.g., argmax, argmin, count
Argument action
— For type node, edge and operation

Vs

arg_for_1

return

/,D traverse

Action Sequence:

type
i

Sentence: Which river runs through the most states?

Semantic Graph:
arg_for 2

Structure Semantic Arg
add_operation most
add_variable A

add_type river A
add_variable B

add_type state B
add_edge traverse A, B
end_operation most A, B
return A

N




Seqg2Act: encoder-decoder model

softmax

Typical encoder-decoder model (bi-LSTM with attention)

[Action embedding }




Seqg2Act: action embedding
|
» BERERSTNENED

- DRl ITRE, AILU—EREREERNFINRRIE (RIESEFHOEIESEN)

a )\ ‘m N
000 add edge | : | next to 000
000 add edge ; loc 000
\ / \ /
Structure part Semantic part
® (add edge:next to ) = [® (add edge); D ( )]

OO0 000 000 Q00O



Seq2ActiyERE

|

» SIERISEINNEE, —EEERKIEEKIRAYIRT

» BRZEEDSREFIINIRENAREE, RBIEESIERST
8%, FEENMNENETR

GEO | ATIS Logical Form | Action Sequence
Previous Work GEO 28.2 18.2
Zettlemoyer and Collins (2005) | 79.3 - ATIS 28.4 25.8
Zettlemoyer and Collins (2007) | 86.1 | 84.6 OVERNIGHT 46.6 333
Kwiatkowksi et al. (2010) 88.9 - AR o e | - Py
Kwiatkowski et al. (2011) o6 | 928 FINCEERIAT K E S ERT HKEXTEL
Liang et al. (2011)* (+lexicon) | 91.1 -
Poon (2013) - 83.5
Zhao et al. (2015) 88.9 | 84.2
Rabinovich et al. (2017) 87.1 | 85.9
Seq2Seq Models
Jia and Liang (2016) 85.0 | 76.3

Jia and Liang (2016)* (+data) 89.3 | 83.3
Dong and Lapata (2016): 2Seq | 84.6 | 84.2
Dong and Lapata (2016): 2Tree | 87.1 | 84.6

Our Models
Seq2Act 87.5 | 84.6
Seq2Act (+C1) 88.2 | 85.0

Seq2Act (+C1+C2) 88.9 | 855




iRING

- 000000
= Seq2Seq: EEHCEBEIRENEFTFIIK
= Seq2Tree: E[EEIBINE N RTINS E

= Seq2Act: BIEXERMEN, FoERFSImISE X ERIEE



CONSTRAINED DECODING



Constrained decoder
- .

= BT EMESEFIIES, AT SIIFMALIR, FILXIL =58
FEmAdecoder, 1B fErFAYdecoderm LA &HILIBR &4

o OEFMFMENFEME
- G54 1" (lambda $0 e (and (flight $0) (from $0 “ F—4
tokenhiZ2— 1S4 (SLAEETE) .
- 1BENZEH:  “(lambda $0 e (and (flight $0) (from $0 " T—"Mokenfi;
ZE— 1 hEkE TS

. EEAERIRR IR oken, MRS R EIRE Y T TR

' ﬁfgﬁﬁ*ﬁ’%@’t&é’ﬂﬂi, ERMERETHEMEEINE TS AERR]
AR



Constrained decoder in Seq2Act

Sentence: Which states border Texas?
Partial Semantic Graph:

e

Structure Semantic| Arg Validity
add_variable A
Generated
add_type state A
Actions _
add_entity texas:st
add_type city texas:st X
Candidate | add_edge loc A, texas:st X
Next add_edge next_to A, A X
Action add_edge next_to A, texas:st v

Action 1: violate type conflict

Action 2: violate selectional
preference constraint

Action 3: structure constraint

Action 4: YES



Grammar constrained decoder

Which athlete was from South Korea after the year 20107

Generated Actions Logical Form

START = ¢ <c,d>—date ((reverse athlete)
c—(<r,c>r) d—=(>=d) (and (nation south_korea)
<r,c>—(<<C,r>,<rc>> <c,r>) d—2010.mm.dd (year ((reverse date)
<<C,r>,<r,c>>-—-reverse (>= 2010-mm-dd)))

<c,r>—athlete
r—(<r,<rr>>rr)
<r,<rr>>—and
r—=(<c.r> c)

<c,r>—nation
c—south korea

r=+(<C,r> C)

<C,r>-—year

c—(<d,c>d) Non-terminal Stack
<d,c>—(<<c,d>,<d,c>> <c,d>)

<<C,d>,<d,c>>—reverse

Jayant Krishnamurthy, Pradeep Dasigi, and Matt Gardner.
Neural semantic parsing with type constraints for semi-structured tables. EMNLP-2017.
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» i EFencoder-decoderfIEAREZREMIE N TR

n il EERENTRR, BXERIBE N R Yaction,
grammarzkaE HESHIN,

» ARIEGE: Seq2Seq. Seq2Tree. Seq2ActionZ

« 'E: Constrained Decoding

s LR
- IRRYEXTS TR, imElim

o TR
- EEINTEUE. IEREE



 ETT)IERRNE X ETE
- WllER 75 & E Text-to-SQLIES EHIR A
— PLMs with Constrained Decoding
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« LAELMo, BERT, GPTA{{E
= Pre-training then fine-tuningfk/9 7 NLPRYFARFS B

Mask LM \
a*

(e )T -

H
:J

BERT

| Eo

ol

Le

. Bl

0|

—O—r

P
I

™
J 5 R B

==

o

\_H

Masked Sentence A

Masked Sentence B

Unlabeled Sentence A and B Pair

Pre-training

s

ﬁ/@@AD Start/End Spam
v (e J T
g1 BERT
Iaﬁli IilEﬁm\ilmlgl
————

I$

7). ()

Question

*

.
4

(=) (=)

Question Answer Pair

Paragraph

-G
/

Fine-Tuning



i)l ZRE SEEL RS IR

Semi-supervised Sequence Learning

context2Vec
ﬂ Pre-trained seq2seq
i 7’]\
ULMFiT —— ELMo
GPT
Multi-[mgual Transformer * Bidirectional LM
LA Q Larger model

MultiFiT More data

Cross-lingual BERT

Defense

Grover

UDify .
MT-DNN Permutation LM

Transformer-XL
More/data

MASS

Knowledge |distillation UniLM

VideoBERT

: CBT
=N
N .
ERi NIE Visual BERT ERNIE (Baidu)
4 (Tsinghua) B2T2
XLNet Unicoder-VL BERT-wym
SpanBERT Neural |entity linker
RoBERTa LXMERT
VL-BERT
KnowBert UNITER By Xiaozhi Wang & Zhengyan Zhang @ THUNLP

https://github.com/thunlp/PLMpapers



Pre-training for NLP tasks

Splinter: PLM for MRC PLOME: PLM for Spelling Correction

predicted

[Q U ESTI O N] feng pronunciation

predicted i,
character 7? input operation embeddings
Roosevelt OOOEOE e A —]
[QUESTION posion s ]
Transformer Encoder phonic | fan ﬂ
. . srope )= L —[]

npEEmE— h

Declaration by United Nations [ [&]%[n]%].] ) embedding layer

[QUESTION]
[QUESTION].

[ K. WEEHR, TEEEFIES }

Ori Ram, Yuval Kirstain, Jonathan Berant, Amir Globerson, Omer Levy. Question answering by pretraining span selection. ACL-2021.

Shulin Liu, Tao Yang, Tianchi Yue, Feng Zhang, Di Wang. PLOME: Pre-training with Misspelled Knowledge for Chinese Spelling
Correction. ACL-2021.




PRE-TRAINING FOR TEXT-TO-SQL



Text-to-SQL
-
Table name Columns
— r - 3

Table1 instructor id|name| department id |[salary|....

foreign key

Table 2 department id| name | building | budget | .......

primary
key

Table n

Annotators create:
Complex What are the name and budget of the departments
question  With average instructor salary greater than the
overall average?

Complex SeLECT T2.name, T2.budget
SQL FROM instructor as Tl JOIN department as
T2 ON Tl.department id = T2.id
GROUP BY Tl.department id
HAVING avg(Tl.salary) >
(SELECT avg(salary) FROM instructor)

. HEpgBfrEsQlL, SBAESAARE
2. HERESQLA{NESquestionBX, E5ontology (tables) 1%




REHT

TABERT [Yin et al., ACL-2020]

TAPAS [Herzig et al., ACL-2020]

GraPPa [Yu et al,, ICLR-2021]

GAP [Shi et al., AAAI-2021]

Rank

1

1
Jun 1, 2021

1

Jul 14, 2021

4
Nov 19, 2020

5

Nov 19, 2020
6
Nov 19, 2020

7

Dec 25, 2020
8

Sep 08, 2020
9

Aug 18, 2020

10

Mar 10, 2021

Model

S$25QL + ELECTRA (DB content used)
Anonymous

LGESQL + ELECTRA (DB content used)
SJTU X-LANCE Lab & Al5pesch
(Caoetal, ACL'21) code

T5-3B+PICARD (DB content used)
Element Al, a ServiceNow company
(Scholak et al., EMNLP'21) code

DT-Fixup SQL-SP + RoBERTa (DB content used)
Borealis Al
(Xu et al , ACL'21) code

RAT-3QL + + Adv (DB content used)
Anonymous

SADGA DB content used)
Anonymous

RATSQL + GP (DB content used)

QCFT Gamma Big Data Lab
(Zhao et al.,'21)

RATSQL 4 GAP DB content used)
University of Waterioo & AWS Al Labs
(Shi et al., AAAI'21) code

RATSQL + DB content used)

Yale & Salesforce Research
(Yuetal,|ICLR'21) code

SmBoP + DB content used)
Tel-Aviv University & Allen Institute for Al
(Rubin and Berant, NAACL'21) code

76.4

751

5.5

75.0

728

Test

72.0

69.8



GraPPa: Grammar-Augmented Pre-

Training for Table Semantic Parsing
- —

T

S8P S58P S55P S5P

Transformer Encoder

!

<s5> show the student id that have more than 6 class .

] </s> classid </s> studentid </s> ... ... </s>

Questions over Tables Synthetic Text-to-SQL Examples Tables
e T i — —— — — — — — i —— e e e = —
- N Show the student id that have more than © c! ™\ /
Which <mask> with most e v el [
; : % | Class
I{ official languages. : lf SELECT student_id FROM class GROUP BY student_id HAVING COUNT(*) > 6 I | (id, .. studentid)
| | ] Show the state that have no less than airports . ISam /s Tahlas I
| What is the id of the <mask> | | SELECT state FROM airports GROUP BY state HAVING COUNT(*) >= 3 :4% _ Alports
| recent customer? I I | (id, city, .., state)
| I
- e I |
I Which <mask> have a TV : : Show the open year that have below shop . | | Shop
lounge? . J \ (address, ., open_year)
\\ /\_ SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(¥) < 2 9
s N -~ o
Sample New Examples
Annotated Text-to-SQL Examples Synchronous Context-Free Grammar
T LU U R RN U U UL - pro T U U U T U UL U SR WU W JC R TSR W_®_BL_FL_E_L_L_%_L_ W
If Show the locations that have at least "'| ( ROOT — {Show the COLUMNO that have OP0 VALUEQ TABLEQ.,
| performances . | induce G | SELECT COLUMNO FROM TABLEQ GROUP BY COLUMNO HAVING COUNT(*) OPQ VALUEQ}
| SELECT location FROM performance iduice Brammar -: OP0 — {>, <, >=, ...}
I GROUP BY location HAVING COUNT(*) >= 2 I [ eeee e
\ J | > — {more than, higher than, ...}
e e e — o — —— — —— E— — E— E— — — — — - N

Pre-train with MLM loss

Pre-train with SQL semantic loss

Tao Yu, Chien-Sheng Wu, Xi Victoria Lin, Bailin Wang, Yi Chern Tan, Xinyi Yang, Dragomir Radev, Richard Socher and
Caiming Xiong. GraPPa: Grammar-Augmented Pre-Training for Table Semantic Parsing. ICLR-2021.

|
|
I
I
I
I
I
I
/



GraPPa: Grammar-Augmented Pre-

Training for Table Semantic Parsing
- —

T

S8P S58P S55P S5P

Transformer Encoder

!

<s5> show the student id that have more than 6 class .

] </s> classid </s> studentid </s> ... ... </s>

Pre-train with MLM loss

Questions over Tables Synthetic Text-to-SQL Examples Tables
e T i — —— — — — — — i —— e e e = —
% Sy S Show the student id that have more than © cl ™\ /
Which <mask> with most oW the student ve C1ass . [
. . : . * | Class
I{ official languages. : lf SELECT student_id FROM class GROUP BY student_id HAVING COUNT(*) > 6 I | (id, .. studentid)
| | ] Show the state that have no less than airports . ISam /s Tahlas I
| What is the id of the <mask> | | SELECT state FROM airports GROUP BY state HAVING COUNT(*) >= 3 :4% _ Alports
| recent customer? I I | (id, city, .., state)
| I
- e I |
I Which <mask> have a TV : : Show the open year that have below shop . | | Shop
lounge? § . J \ (address, ., open_year)
‘\\ / 7\ SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(*) < 2 p \
s N -~ o
&;E.I I Sample New Examples
Annotated Text-to-SQL Examples Synchronous Context-Free Grammar
~ s == P
If Show the locations that have at least "'| ( ROOT — {Show the COLUMNO that have OP0 VALUEQ TABLEQ.,
| performances . W uce G | SELECT COLUMNO FROM TABLEQ GROUP BY COLUMNO HAVING COUNT(*) OPQ VALUEQ}
| SELECT location FROM performance | duce Grammar -: OP0 — {>, <, >=, ...}
I GROUP BY location HAVING COUNT(*) >= 2 I [ e e
\ J | > — {more than, higher than, ...}
e B

Pre-train with SQL semantic loss

Tao Yu, Chien-Sheng Wu, Xi Victoria Lin, Bailin Wang, Yi Chern Tan, Xinyi Yang, Dragomir Radev, Richard Socher and
Caiming Xiong. GraPPa: Grammar-Augmented Pre-Training for Table Semantic Parsing. ICLR-2021.

|
|
I
I
I
I
I
I
/



GraPPa: Grammar-Augmented Pre-
Training for Table Semantic Parsing

T

S8P S58P S55P S5P

Transformer Encoder

!

[ <s5> show the student id that have more than 6 class .

] </s> classid </s> studentid </s> ... ... </s>

Pre-train with MLM loss

Questions over Tables

N
official languages.

recent customer?

|
|
|
What is the id of the <mask> |
|
|
|
|

Which <mask> have a TV

Vs
{ Which <mask> with most
|
|
|
|
|
|
|
\ lounge? ]

T e —— ——— — —

Synthetic Text-til:u-SQL Examples

TPre-Erafn with SQL semantic loss &;EZ 1
Tables

Show the locations that have gt least

performances .

[ )
| |
| |
| SELECT location FROM performance I
I GROUP BY location HAVING COUNT(¥) >= 2 I
\ /
-

Show the student id that have more than © class .
[ seLect student_id FROM class GROUP BY student_id HAVING COUNT(*) > 6 ~ Class
| (id, .., student_id)
[ Show the state that have no less than airports .
| SELECT state FROM airports GROUP BY state HAVING COUNT(*) >= 3 _ Alrports
| (id, city, .., state)
I
l Show the open year that have below shop . Shop
| (address, ., open_year)
\  SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(*) < 2
T Sz New Examples
Synchronous Context-Free Grammar
e e e
( ROOT — {Show the COLUMNO that have OP0 VALUEQ TABLEQ.,
| SELECT COLUMNO FROM TABLEQ GROUP BY COLUMNO HAVING COUNT(*) OPQ VALUEQ}
Induce Grammar |
hl OP0 — {>, <, >=, ...}
[P
l\ > — {more than, higher than, ...}

Tao Yu, Chien-Sheng Wu, Xi Victoria Lin, Bailin Wang, Yi Chern Tan, Xinyi Yang, Dragomir Radev, Richard Socher and
Caiming Xiong. GraPPa: Grammar-Augmented Pre-Training for Table Semantic Parsing. ICLR-2021.

|
|
I
I
I
I
I
I
/



GraPPa: Grammar-Augmented Pre-
Training for Table Semantic Parsing

S8P S58P S55P S5P

Transformer Encoder

T !

<s> show the student id that have more than 6 class . ] </s> classid </s> studentid </s> ... ... </s=>
TPF&-H‘E‘M with MLM loss - IPre-Erafn with SQL semantic loss
Questions over Tables Synthetic Text-to-SQL Examples Tables
e T i — —— — — — — — i —— e e e = —
4 ™ 4 Show the student id that have more than © class \\ s N
Which <mask> with most : [

[ i * | Class |
|f official languages. : lf SELECT student_id FROM class GROUP BY student_id HAVING COUNT(*) > 6 I | (id, .. studentid) |
L I Show the state that have no less than airports . | camore Tabjes I :
| What is the id of the <mask> | | SELECT state FROM airports GROUP BY state HAVING COUNT(*) >= 3 | >8P _ Alports
| recent customer? I II * —'l (id, city, .., state) :
| I

S | | I
I Which <mask> have a TV : : Show the open year that have below "o shop . I | Shop I
lounge? . J \ (address, ., open_year) |

\\ /I \  SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(*) < 2 p \ J

e e e o o o e o o e e e e e e i P ————— -
Sample New Examples
Annotated Text-to-SQL Examples Synchronous Context-Free Grammar

T e — — — - T T T e e e e e e e e e e e e e — — -~
If Show the locations that have at least "'I ( ROOT — {Show the COLUMNO that have OP0 VALUEQ TABLEQ., )
| performances . | induce G | SELECT COLUMNO FROM TABLEQ GROUP BY COLUMNO HAVING COUNT(*) OPQ VALUEQ} :
| SELECT location FROM performance } nduce Grammar —: OP0 — >, <, >=, ...} |
I GROUP BY location HAVING COUNT(*) >= 2 : [ e |
\ J l\ > — {more than, higher than, ...} ,I

s e e — — —— — —— — — — — — — — — — — T e O S O O S S —— —

Tao Yu, Chien-Sheng Wu, Xi Victoria Lin, Bailin Wang, Yi Chern Tan, Xinyi Yang, Dragomir Radev, Richard Socher and
Caiming Xiong. GraPPa: Grammar-Augmented Pre-Training for Table Semantic Parsing. ICLR-2021.



GraPPa: Grammar-Augmented Pre-
Training for Table Semantic Parsing

S8P S58P S55P S5P

Transformer Encoder

T !

{/
|
|
|
|
|
\

{
|
|
|
|
|
\

<s> show the student id that have more than 6 class . ] </s> classid </s> studentid </s> ... ... </s=>
Pre-train with MLM loss Pre-train with SQL semantic loss
Questions over Tables Synthetic Text-to-SQL Examples Tables
e S S S I S I ~ ST T T T o e ~ ST T T T T T T ~
. , A
T S T A Show the student id that have more than © class . [
. : * | Class
official languages. : lf SELECT student_id FROM class GROUP BY student_id HAVING COUNT(*) = 6 | | (idh . student.id}
...... | ] Show the state that have no less than airports . ISam /s Tahlas I
What is the id of the <mask> | | SELECT state FROM airports GROUP BY state HAVING COUNT(*) >= 3 :..p—| _ Alrports
recent customer? I I | (id, city, ..., state)
I
- e I |
Which <mask> have a TV : : Show the open year that have below shop . | | (ad dresss"?pen )
lounge? /; \  SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(*) < 2 /! ‘\ T
e e e o o e e e o e e e o e — i P ————— -
Sample New Examples
Annotated Text-to-SQL Examples Synchronous Context-Free Grammar
___________________ - e e e
Show the locations that have at least "'I ( ROOT — {Show the COLUMNO that have OP0 VALUEQ TABLEQ.,
performances . | induce G | SELECT COLUMNO FROM TABLEQ GROUP BY COLUMNO HAVING COUNT(*) OPQ VALUEQ}
SELECT location FROM performance iduice Brammar —: OP0 — {>, <, >=, ...}
GROUP BY location HAVING COUNT(*) >= 2 : [ oo e
J l\ > — {more than, higher than, ...}
T e O S O O S S —— —

Tao Yu, Chien-Sheng Wu, Xi Victoria Lin, Bailin Wang, Yi Chern Tan, Xinyi Yang, Dragomir Radev, Richard Socher and
Caiming Xiong. GraPPa: Grammar-Augmented Pre-Training for Table Semantic Parsing. ICLR-2021.

|
|
I
I
|
I
I
I
/



GraPPa: WJEEZEL

=y

- .
« RFEEnatural language utterancesfIxghzAItables (AFESQL)

Train Size # Table Task
TabFact 02.2K 16K Table-based fact verification
LogicNLG 28.5K 7.3K Table-to-text generation
HybridQA 63.2K 13K Multi-hop question answering
WikiSQL 61.3K 24K Text-to-SQL generation
WikiTableQuestions 17.6K 2.1K Question answering
ToTTo 120K 83K Table-to-text generation
Spider 8.7K 1K Text-to-SQL generation
Year City Country Nations
1896 Athens Greece 14
1900 Paris France 24
1904 |Stlous |USA |12 Greece held its last Summer
C. . 5
2004 Athens Greece 201 Olympics in which year:
2008 Beijing China 204
2012 London UK 204

Panupong Pasupat, Percy Liang. Compositional Semantic Parsing on Semi-Structured Tables. ACL-2015.



GraPPa: Bzh4EpiEuE2

= 1. NEBHREEIRFMENEZ SOE

Q: Show the locations that have at least

performances .
Annotated SQL: SELECT location
Text-to-SQL FROM performance
Examples GROUP BY location

HAVING COUNT(*) >= 2

Induce Grammar

ROOT — {Show the COLUMNO that have oro

VALUEQ TABLEO., SELECT COLUMNO FROM

TABLE(Q GROUP BY COLUMN(O HAVING COUNT(*
Synchronous (*)

Context-Free ~©OP0 VALUEQ)
Grammar  0P0 = {>, <, >=, .}

> — {more than, higher than, ...}



GraPPa: B3

L)

= Y2

= 2. SRIFFTRIS

Q: Show the locations that have at least
performances .

Class (id, .., student id)

340k aas wns
Annotated  SQL: SELECT location Online Airports (id, city, .., state)
Text-to-SQL SRCH pororvanon Tables
Examples GROUP BY location EEERCEE
HAVING COUNT(*) >= 2 Shop (address, .., open year)
Sample
Tables
Induce Grammar
ROOT — {Show the COLUMNO that have opro
VALUEO TABLEO., SELECT COLUMNO FROM
Synchronous TABLEO GROUP BY COLUMNO HAVING COUNT (*) Grammar
Context-Free ©OP0 VALUEO] —_—
Grammar 00 = {>, <, >=, ..}

> — {more than, higher than, ...}



GraPPa: Bzt

=AY EL

52

« 3. AIAEESOCRERRFRISHIEM _ FARERY (query, table, sql)

0=

Q: Show the locations that have gt least

performances .

Class (id, .., student id)

340k mam mam
Annotated  SQL: SELECT location Online Airports (id, city, .., state)
Text-to-SQL FROM performance Tables
Examples GROUP BY location 000 2o
HAVING COUNT(*) »= 2 Shop (address, .., open year)
Sample
Tables
Induce Grammar
s ™
Q: Show the student id that have more than © class .
SOL: SELECT student id FROM class GROUP BY
ROOT — {Show the COLUMNO that have oo student_id HAVING COUNT(*) > 6
VALUEO TABLEO., SELECT COLUMNO FROM Sample
Synchronous TABLEQ GROUP BY COLUMNO HAVING COUNT(*) Grammar S 4-:r5\kt' Q: Show the state that have no less than_ airports .
Context-Free ©F° VALUEG} —_— Te:t']to?SI(‘;L SOL: SELECT state FROM airports GROUP BY state
Grammar oro — {>, <, >=, ...} Examples HAVING COUNT (*) >= 3
> — {more than, higher than, ...} Q: Show the open year that have below shop .
SOL: SELECT open year FROM shop GROUP BY open_year
HAVING COUNT(*) < 2
\. J




GraPPa: BaE5>){F531
-

= Masked Language Model (MLM objective)
— Mask both natural language words and table headers

Transformer Encoder (BERT)

<s> Which European ... times ? </s> ... </s> tourney ...</s> winner id ... </s> nation ...
Which European countries have Table 1: Matches _
players who won the Australian .

Table 2: Ranking

Open at least 3 times?

Table 3: Players




GraPPa: HIREF3I{F5S2
- —
= SQL semantic prediction (SSP objective)

- FLAISQLENITE

Which European countries have players who
won the Australian Open at least 3 times?

GROUP BY
WHERE = HAVING
SELECT 1 Al —2018 3 | T
FROM players AS Tl JOIN matc 2 e s
ON Tl.id = T2.winner id : = ‘ -
= : 1 9,985 3 i e e
WHERE |T2 .Tourney = “Australian Open"l Table 2: Ranking
AND |T1.continent = “Europeﬂ/ i : atio E
GROUP BY [T2.winner idl—— 1 Diokovic | Sefbia | Europe | ...
HAVING COUNT(*) >= 3 Table 3: Players 2 Osaka Japan Asia | ...
Federer Switzlarland Etroped |

\

SELECT



GraPPa: HIREF3I{F5S2
- —
= SQL semantic prediction (SSP objective)

GROUP BY

WHERE = HAVING SELECT

| ¢ 1 I B

<S> | Co<s> L <fs> 0 L <fs>
f f f f \

Transformer Encoder (BERT)
1 )
[ <s> Which European ... times ? </s> ... </s> tourney ...</s> winner id ... </s> nation ... ]
1 ) 1
Which European countries have Table 1: Matches

Ranking  Points  Playerid — Teurs .. ..

players who won the Australian e 2 Fanking oo | o | o | -
Open at least 3 times?

Table 3: Players a Osaka Japan Asla




GraPPagysCigss

Models Dev. Test
Global-GNN (Bogin et al., 2019) 527 474
EditSQL w. BERT (Zhang et al., 2019b) 57.6 534
IRNet w. BERT (Guo et al., 2019) 61.9 54.7

RYANSQL w. BERT (Choi et al., 2020) 70.6  60.6
TranX w. TABERT (Yin et al., 2020a) 64.5 -

RAT-SQL (Wang et al., 2019) 62.7 57.2
w. BERT-large 69.7 65.6
w. RoBERTa-large 69.57 -
w. GRAPPA (MLM) 71.08 -
w. GRAPPA (SSP) 73.57 67.72
w. GRAPPA (MLM+SSP) 7343  69.63

Table 3: Performance on SPIDER. We use RAT-SQL +
BERT (Wang et al., 2019) as our base model. We run
each model three times by varying random seeds, and
the average scores are shown.

Models Dev. Test
Pasupat and Liang (2015) 37.0 37.1
Neelakantan et al. (2016) 34.1 34.2
Haug et al. (2017) - 34.8
Zhang et al. (2017) 40.4 437
Liang et al. (2018) 42.3 43.1
Dasigi et al. (2019) 42.1 439
Agarwal et al. (2019) 43.2 44.1
Herzig et al. (2020b) - 48.8
Yin et al. (2020b) 52.2 51.8
Wang et al. (2019) 43.7 44.5

w. RoBERTa-large 50.7(+7.0)  50.9(+6.4)

w. GRAPPA (MLM) 51.5(+7.8) 51.7(+7.2)

w. GRAPPA (SSP) 51.2(+7.5) 51.1(+6.6)

w. GRAPPA (MLM+SSP) 51.9(+8.2) 52.7(+8.2)

w. RoBERTa-large x 10% 373 38.1

w. GRAPPA (MLM+SSP) x10%  40.4(+3.1) 42.0(+3.9)

Table 5: Performance on WIKITABLEQUESTIONS. We
use Wang et al. (2019) as a base model. Results trained

on 10% of the data are shown at the bottom.



©

Pre-trained model on Huggingface
- —

» https://huggingface.co/Salesforce/grappa_large jnt/tree/mai
n

grappa_large_jnt T  Tlike
Fill-Mask (O PyTorch o JAX Transformers roberta masked-lm @ AutoNLP Compatible
Model card Files and versions &y Train - % Deploy - ¢/> Usein Transformers
main ~ grappa_large_jnt ® History: 7 commits
patrickvonplaten upload flax model  0d2500a 6 months ago
.gitattributes
config.json

flax_model.msgpack
merges.txt
pytorch_maodel.bin

vocab.json


https://huggingface.co/Salesforce/grappa_large_jnt/tree/main

PLMS+CONSTRAINED DECODING



PLMs

Formulating tasks as text-to-text generation problems:

Large pre-trained language models (like T5) have shown
increasingly impressive performance in a variety of NLP tasks

TS

GLUE CNNDM SQuAD SGLUE EnDe

EnFr  EnRo
% Baseline average 83.28

19.24 80.88 71.36 26.98 39.82 27.65
Baseline standard deviation  0.235 0.065 0.343 0.416 0.112  0.090 0.108

No pre-training 66.22 17.60 50.31 53.04 25.86  39.77 24.04




PLMs for Semantic Parsing
- —

Two challenges:

= Meaning representations is grammatical
— In an unconstrained output space, 10,000s of sub-word tokens can be

produced each decoding step.

=  Output sequences are much further from the pre-training distribution
— People living in Beijing

- SELECT * FROM Persons WHERE City='Beijing'



PLMs + constrained decoding {XZRI%T{E

= SSD [Wu et al,, ACL-2021]

= Constrained-GPT-3 [Shin et al., EMNLP-2021]
= PICARD [Scholak et al.,, EMNLP-2021]

s Prompt-T5 [Schucher et al., Arxiv-2021]

[ <]<
[<]X
IX]<
1<]<

\[<
X]X

Shan Wu, Bo Chen, Chunlei Xin, Xianpei Han, Le Sun, Weipeng Zhang, Jiansong Chen, Fan Yang, Xunliang Cai. From Paraphrasing to
Semantic Parsing: Unsupervised Semantic Parsing via Synchronous Semantic Decoding. ACL-2021.

Richard Shin, Christopher H. Lin, Sam Thomson, Charles Chen, Subhro Roy, Emmanouil Antonios Platanios, Adam Pauls, Dan Klein,
Jason Eisner, Benjamin Van Durme. Constrained Language Models Yield Few-Shot Semantic Parsers. EMNLP-2021.

Torsten Scholak, Nathan Schucher, Dzmitry Bahdanau. PICARD: Parsing Incrementally for Constrained Auto-Regressive Decoding
from Language Models. EMNLP-2021.

Nathan Schucher, Siva Reddy, Harm de Vries. The Power of Prompt Tuning for Low-Resource Semantic Parsing. Arxiv-2021.



Synchronous Semantic Decoding
- —

= Canonical Utterance: pseudo-language representations of logical
forms, which have the synchronous structure of logical forms

findEvent ( Deterministic
subject="coffee", ; What is the start time of
E mapping
attendees=includes( . 0" "
findPerson (name="Megan") the event titled coffee
) —p with attendee “Megan”?
).start.time SCFG

Meaning representation Canonical utterance

S - What is the start time of E? <> E.start.time

E > the event P* &~ findEvent (P*)
P - titled "T" < subject="T"
P - with attendee "N" € attendees=includes(

findPerson(name="N"))



Controlled Paraphrasing

= The core idea is reformulating semantic parsing into controlled

paraphrasing.
Paranhrasi > What is ’the number of rive:r| traverse
arapnrasin
PRI flow
located
next
How many rivers SCFG ‘What Is $e I the number of $c .river $r -lraverse $s
— — — | 1 Lr—
run through Texas rules: Answer($e) Count(sc) River(sr) Traverse_2($s)
|
| located in $s
1 g —» ——--—
| Loc_1(ss)
| |
|
|
ISynchronous Decoding _
e e > Answer ( Count ( River|(  Traverse_2(...))))

= The sentence is paraphrased to the canonical utterance and semantic
parsed to the logical form synchronously.

Shan Wu, Bo Chen, Chunlei Xin, Xianpei Han, Le Sun, Weipeng Zhang, Jiansong Chen, Fan Yang, Xunliang Cai. From Paraphrasing to
Semantic Parsing: Unsupervised Semantic Parsing via Synchronous Semantic Decoding. ACL-2021.



Inference Algorithms

= How to decoding valid canonical utterance by text
generation model?

Answer(State(Loc_1(city0)))
Answer(State(Loc_1(lake0)))
Answer(State($s)) Answer(State(Loc_i(largest(city))))

root — <What is $e, Answer($e)>

’/_f
$e — <state $s, State($s)>

/__/ CWhat C is C state J\:that

$s’—> <that $c located in, Loc_1($c)>

Answer(se)

$c — <city0, City0>

(a) Rule-Level Inference (b) Word-Level Inference



Inference Algorithms

= How to decoding valid canonical utterance by text
generation model?

Answer(State(Loc_1(city0)))
Answer(State(Loc_1(lake0)))
Answer(State($s)) Answer(State(Loc_i(largest(city))))

root — <What is $e, Answer($e)>

’/‘f
$e — <state $s, State($s)>

/__/ CWhat C is C state J\:that

$s'—+ <that $c located in, Loc_1($c)>

Answer(se)

$c — <city0, City0>

(a) Rule-Level Inference (b) Word-Level Inference

= Rule-level inference: handle non-terminal $c by generating
the next production rule to expand this rule, until no non-
terminal on the left of words, or the generating step
reaches the depth of K.



Inference Algorithms

= How to decoding valid canonical utterance by text
generation model?

. Answer(State(Loc_1(city0)))
root — <What is $e, Answer( $fe)> Answer(State(Loc._1(lake0)))

/____—/ Answer(State($s)) Answer(State(Loc_1(largest(city))))

=
$e — <state 3s, State($s)>

/___/ CWhat C is C state that

$s'—> <that $c located in, Loc_1($c)>

/ Answér(se)

$c — <city0, City0>

(a) Rule-Level Inference (b) Word-Level Inference

= Word-level inference: construct the automaton by LR(1)
parser. Only the acceptable words in the this state can be
generated, and the <EOS> symbol can only be generated
when reaching the final state.



Language Style Transfer

- —
« Style bias:

B CU: Meetings held in the same place as the weekly standup
meeting

m NL: Meeting whose location is location of weekly standup

 Adaptive Fine-tuning
« Canonical utterances sampled from SCFG
 De-stylized paraphrases
« External paraphrases

« Utterance Reranking
« Reconstruction score
« Association score



Experiments
- —

| Bas. Blo. Cal. Hou. Pub. Rec. Res. Soc. | Avg.

Supervised

RECOMBINATION (Jia and Liang, 2016) | 85.2 58.1 78.0 714 764 79.6 762 814|758
CROSSDOMAIN (Su and Yan, 2017) 86.2 602 798 714 789 847 8l1.6 829|782
SEQ2ACTION (Chen et al., 2018b) 88.2 614 815 741 807 829 80.7 82.1 | 79.0
DUAL (Cao et al., 2019) 87.5 63.7 798 730 814 8l.5 81.6 83.0| 789
TwO-STAGE (Cao et al., 2020) 87.2 657 804 757 80.1 86.1 828 8.7 | 80.1
SSD (Word-Level) 86.2 649 81.7 727 823 81.7 815 827|792
SSD (Grammar-Level) 86.2 649 81.7 727 823 817 815 827|790
Unsupervised (with nonparallel data)

TwO-STAGE (Cao et al., 2020) 647 534 583 593 603 68.1 732 484 | 60.7
WMDS AMPLES (Cao et al., 2020) 31.9 29.0 36.1 479 342 41.0 538 358 | 38.7
SSD-SAMPLES (Word-Level) 71.7 587 60.1 617 576 0643 709 460 | 6l.4
SSD-SAMPLES (Grammar-Level) 71.3 588 606 622 588 654 7T1.1 49.1 | 62.2
Unsupervised

Cross-domain Zero Shot - 283 536 524 553 602 61.7 - -
GENOVERNIGHT 156 277 173 459 467 263 613 9.7 |313
SYNTH-SEQ2SEQ 16.1 236 16.1 302 366 269 431 92 |252
SYNTHPARA-SEQ2SEQ 284 373 339 381 391 41.7 627 233 | 38.1
SSD (Word-Level) 68.3 549 512 550 547 602 654 336|554
SSD (Grammar-Level) 68.8 58.1 56,5 56.1 578 593 669 37.1 | 576

Table 1: Overall results on OVERNIGHT.



Constrained GPT-3

What is the start time

— % @ — Of the event titled
“coffee” with attendee
“Megan”?

Utterance Canonical utterance

Paraphrasing into a controlled sublanguage

When is
What Wwas \ the
e { Coffee doé€s \ start /

Constrained decoding

Richard Shin, Christopher H. Lin, Sam Thomson, Charles Chen, Subhro Roy, Emmanouil Antonios Platanios, Adam Pauls, Dan Klein,
Jason Eisner, Benjamin Van Durme. Constrained Language Models Yield Few-Shot Semantic Parsers. EMNLP-2021.



Constrained GPT-3

When's my coffee with Megan? What time am I brewing coffee with Megan and Megan and Megan?
‘ ’ Canonical Utterance Meaning Representation
Natural Utterance GPT-3 SCFG (Yield :output (:start (singleton (:results

start time of find event (FindEventWrapperWithDefaults :constraint (Constraint[Event]
called Something llke “ rattendees (AttendeelListHasRecipientConstraint

:recipientConstraint (RecipientWithNameLike :constraint

" " : n n (Constraint[Recipient]) :name #(PersonName "Megan"))) :subject
coffee" with "Megan s s e e

What time am I getting coffee with Megan? ﬂ

Constrained Decoding Coffee was find
start time

N T

validNextTokens function

GPT-3 event

Richard Shin, Christopher H. Lin, Sam Thomson, Charles Chen, Subhro Roy, Emmanouil Antonios Platanios, Adam Pauls, Dan Klein,
Jason Eisner, Benjamin Van Durme. Constrained Language Models Yield Few-Shot Semantic Parsers. EMNLP-2021.



Case 1: Overnight

which january 2nd meetings is alice attenting [sic]

(call 1listValue (call filter
(call filter (call getProperty
(call singleton en.meeting) (string !type))
(string date) (string =) (date 2015 1 2))
(string attendee) (string =) en.person.alice)

meeting whose date is jan 2 and whose attendee is alice

= validNextTokens function

— build a large trie that contains all of the canonical utterance
strings

I like strudels
<§> cakes
Cakes — are the best




Case 1: Overnight

Model Train n Basketball Blocks Calendar Housing Publications Recipes Restaurants Social
GPT-3 Constrained Canonical 200 0.859  0.634 0.792 0.741 0.776  0.792 0.840 0.687
BART/ Constrained Canonical 200 0.864 0.554 0.780 0.672 0.758 0.801 0.801 0.666
GPT-2/ Constrained Canonical 200 0.836  0.540 0.766 0.666 0.715 0.764 0.768 0.623
Cao et al. (2019) 200 0.772  0.429 0.613 0.550 0.696  0.671 0.639 0.566
Cao et al. (2019) 640-3535 0.880 0.652 0.807 0.767 0.807  0.824 0.840 0.838
BERT-LSTM (Xu et al., 2020) 640-3535 0.875 0.624 0.798 0.704 0.764  0.759 0.828 0.819
AutoQA (Xu et al., 2020) >400,000f 0.739  0.549 0.726 0.709 0.745 0.681 0.786 0.615
Model Train n Basketball Blocks Calendar Housing Publications Recipes Restaurants Social
GPT-3 Constrained Canonical 200 0.80*  0.62* 0.82* 0.71% 0.79% 0.84* 0.89* 0.72*
GPT-3 Constrained Meaning 200 0.68*  0.53* 0.68* 0.58* 0.63% 0.75* 0.78% 0.63%
GPT-3 Unconstrained Canonical 200 0.76*  0.46* 0.68%* 0.56* 0.58* 0.74% 0.74* 0.55%
GPT-3 Unconstrained Meaning 200 0.56* 0.39* 0.50%* 0.42% 0.46* 0.66%* 0.58* 0.48*
GPT-3 Constrained Canonical 20 0.80*% 0.55* 0.67* 0.68* 0.81% 0.60* 0.76* 0.67%
BART/ Constrained Canonical 200 0.864 0.554 0.780 0.672 0.758  0.801 0.801 0.666
BART/ Constrained Meaning 200 0.834  0.499 0.750 0.619 0.739  0.796 0.774  0.620
BART/ Unconstrained Canonical 200 0.852 0.539 0.726 0.656 0.714 0.773 0.756 0.585
BART/ Unconstrained Meaning 200 0.813 0476 0.732 0.566 0.696 0.778 0.720 0.536
GPT-2/ Constrained Canonical 200 0.836  0.540 0.766 0.666 0.715 0.764 0.768 0.623
GPT-2/ Constrained Meaning 200 0.760  0.479 0.736 0.571 0.645 0.699 0.660 0.606




Case 2: Break

What color are a majority of the objects?

1. objects

2. colors of #1

3. number of #1 for each 2
4. #2 where #3 1s highest

(colors of (objects)) where (number of (objects for each
(colors of (objects))) is highest)

= validNextTokens function

—words or their inflections that appear in the questions,
— the predefined set of function words
— opening and closing parentheses.



Case 2: Break

Model Train n nem
Coleman & Reneau 44321 042
Wolfson et al. (2020) 44,321 0.29
Arad & Sapir 44321 0.16
GPT-3 Constrained Canonical 1,000 0.32%*
GPT-3 Constrained Canonical 100 0.24%
GPT-3 Constrained Canonical 25 0.20%*
GPT-3 Constrained Canonical 200 0.31%*
GPT-3 Constrained Meaning 200 0.24%*
GPT-3 Unconstrained Canonical 200 0.20%*
GPT-3 Unconstrained Meaning 200 0.17%*
GPT-3 Constrained Canonical 200 0.24
BART/ Constrained Canonical 200 0.22
BART/ Constrained Meaning 200 0.22
BART/ Unconstrained Canonical 200 0.18

BART/ Unconstrained Meaning 200 0.19




Case 3: SMCalFlow

What did | set as my response status for the team meeting?

(Yield :output
(:responseStatus (singleton (:results
(FindEventWrapperWithDefaults
:constraint (Constraint[Event]
:subject (?~= #(String “team meeting”))))))))

my response status of find event called something like "team meeting"

= validNextTokens function
— more SCFG-friendly MR

- then use Earley parser



Case 3: SMCaFlow

Model Train n Accuracy
Semantic Machines et al. (2020) 133,821 0.73
GPT-3 Constrained Canonical 300 0.44%*
GPT-3 Constrained Meaning 300 0.30%*
GPT-3 Unconstrained Canonical 300 0.26%*
GPT-3 Unconstrained Meaning 300 0.21*
GPT-3 Constrained Canonical 300 0.38
BART/ Constrained Canonical 300 0.47
BART/ Constrained Meaning 300 0.32
BART/ Unconstrained Canonical 300 0.40

BART/ Unconstrained Meaning 300 0.32




ING . BETFFm)l

HHNE M AET DA

bl
=

=075 )RR AT || 2R 2L B4 FHEBRI)I|IZERE

s &Il » EilR
- W EREUR —Controlled generation
- X TEHMES (paraphrasing +
constrained decoding)
» LR \
— ANBERT—RZ AT BB T = AR +
semantic parser - NEEEHIIGAIRE
n FRAA n HRA
- ZIRTEIE, BRiRfEtext-to-sqlfd - BERALE. FEALENX

code generationZIEEH N A ARFA



2



4+

Il:,\—n

= IBNEITRIRNLPAR

Prompt Constrained paraphrasing
Pre-training Pre-trained
then
: : model for SP
Fine-tuning
f ) ( Seq2Seq )
Seq2Seq Seq2Tree
. ) . Seq2Action

NLP R ZH IEN T REZ S




FEEE1: General Pre-trained Model for NLU

= Pre-trained model~FPRTFtext-to-sqlficode generationZFE(F
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B2 H¥SHcontrolled generation

. PLMs + Constrained decodingBR7~ T EJ, {Bconstraints{/3
RBBENKSS, BREEALEXREZIE.

What is the start time Wan \
What time am | getting - of the event titled What
coffee with Megan? “coffee” with attendee \ /
“Megan”? Coffee does start

Utterance ~al utterance

B softtIEES0E B%SJsoft constraints



REE3: KERENpre-trained model for NLU
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action

PN

XX-Transformer

K)state
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