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Natural language interface: One interface for all

* When is my AAAI talk?
¢ What are the name and budget of the departments with average
instructor salary greater than the overall average?
* Make a coffee with half-and-half, no sugar




Why Now?

* Bigger Opportunity

* Massiveness and heterogeneity of data and accelerated digitization resulting
in increasing need for improved digital enablement

* Better Technology

* Advances in deep learning and program synthesis and availability of compute
and benchmarks

* Growing Applications
* Virtual assistants, language to code, NL search, database QA, etc.



NLIs and Digital Enablement

sqQL
<

SPARQL

API

When is my next meeting with
Mike on marketing strategy

Show me the paper Susan sent
me last week

Show me all high priority open
bugs for Project Florence




Semantic Parsing

w Find all locations whose name contains the word “film”
NL2SQL
P o
(0 0] . .
- SELECT Address FROM Locations WHERE Location_Name
LIKE “%film%"7;
v Show me the latest unread messages about AAAI workshop
NL2API -
P o
(0 0] . .
- GET messages? filter=isRead eq false & $search="AAAIl workshop”
& orderby=receivedDateTime desc




Beyond one-shot Semantic Parsing
-

A

)

Show me the latest messages about AAAI workshop that | haven’t read

Correction

| want only the messages marked as unread

Follow-up/
ﬁ decomposition
v/

Were any of them sent by John?

P

2 Do you mean John A. or John B.?

Clarification

| meant John B

¢ )



Beyond one-shot Semantic Parsing

Q{}
@ Richer Contextual Representations
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= 4 Richer Models of User Interactions




Richer Contextual Representations



Conversational Semantic Parsing (CSP) is the task of converting a
sequence of natural language queries to formal language
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Multiple tasks, shared challenges

* Requires lots of annotated data

* Annotation is expensive, hard to collect and not
always of good quality

* Learning to represent sequential (conversation) and
structure (ontology) contexts is hard



Conversational Semantic Parsing

Challenge: representation context with respect to the sequence of utterances (conversation)
and the structure of the underlying ontology (database)

. Dialogs Formal Programs Database
c 'E!’J . . .
9 0’3 Usr. Find the names of the top 3 highest sales books. —-—P SELECT title FROM book ORDER BY sale_amount DESC LIMIT 3 |
= b\ J . )
© 7 : ( ; ' Author: id | name | ... | country '
n ® ] : SELECT t1.title, t1.name FROM author AS t1 JOIN book AS t2 | o
L & Usr Who are their authors? ™| ONtLid = t2.author_id ORDER BY t2:sale_amount DESC LIMIT 3 Press: id | name | ... | address
= = i i -+ o SELECTtltitle, t1.name, t3.name FROM author AS t1 JOIN book | Book: id | title | author id | ... | sale_amount |
S 2 (I e r AS t2 ON t1.id = t2.author.id JOIN press ASt3 ON t2.press_id = ‘ '
O g t3.id ORDER BY t2.sale_amount DESC LIMIT 3
s / e :
) 2 [ Usr.lam Ionkl_ng for a cheap restaurant in the \ : | Restawant{Prica=chesp, areascenter) J
+— £ centre of the city : .
S & Sys: There is a cheap chinese restaurant called :
o P Dojo Noodle Bar. : (" Restaurant{Price=cheap, area=center, name=Dojo Mood|e Bar, ) Restaurant: name | price | area | | time
= T Usr: Yes please , for 8 people at 18:30 on Thursday ——* people=8, time=18:30, day=Thursday) |
e ; ------ : Taxi: leaveAt | ...| destination
c ﬁ Usr. | also need to book a taxi between to the : Restaurant(price=cheap, area=center, name=Dojo Noodle Bar, -
Q 0| restaurant at 20:30. | people=8, time=18:30, day=Thursday) ‘
g_ '.\ Sys: The taxi is booked. / Taxi{leaveAt=20:30, destination=Dojo Noodle Bar)
v ~ =
(7s]

Structure context (database)




Pre-training for Context Representation

1. Focus on pretraining, not finetuning (exploit
shared characteristics).

2. CSP-specific objectives.

3. Pretrain only on synthetic data, MLM only on
natural data.



Synthetic Data Generation

Domain ontology +
templates

Domain-independent
state machine

Synthesis
(Simulation)

In-domain
synthesized data

Total of 120k synthetic task-oriented dialogues
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START

Can you help with information regarding a food place?
I need to book at 15:45.

SEARCHREQUEST restaurant(book_time = “15:45")
How about the restaurant with name La Tasca and
[talian food?

Can you find something which serves seafood?
SEARCHREQUEST restaurant(book_time = *15:45",
food = “seafood”)

What date are you looking for?

Thursday please.

SEARCHREQUEST restaurant(book _time = “15:45”,
food = “seafood”, book_day = “thursday”)

How about the Copper Kettle? It is a food place with
seafood food.

What is the price range and the area?
SLOTQUESTION restaurant(book _time = “15:45",
food = “seafood”, book_day = “thursday”,
price_range =7, area =7)

The Copper Kettle is a moderately priced restaurant in
the north of the city. Would you like a reservation?
No, thanks.

CLOSE restaurant(book_time = *“15:45”,

food = “seafood”, book_day = “thursday™)

Campagna et al., ACL'20



Synthetic Data Generation

Turn #  Question-SQL Template Synthesized Question-SQL

| “Find the number of TABLE(Q with COLUMNO  “Find the number of football team with team hometown is not
oP0O VALUEO” murrieta, california?”
SELECT COUNT(*) ORDER BY COLUMNO OP() SELECT COUNT(*) WHERE TEAM_HOMETOWN != “MURRIETA,
VALUEQ CALIFORNIA™

2 “Can you give me their COLUMN1?” “Can you give me their football team player?”
TCS: REPLACE(SELECT.COLUMNO(), SELECT FOOTBALL_TEAM_PLAYER WHERE TEAM_HOMETOWN
DEL(SELECT.AGG) = “MURRIETA, CALIFORNIA™

3 “How about only show those with ASO coL- “How about only show those with the largest age?”
UMN27” SELECT FOOTBALL_TEAM_PLAYER WHERE TEAM_HOMETOWN
TCS: ADD(ORDERBY_ASO.COLUMN?2) = "MURRIETA, CALIFORNIA” ORDER BY AGE DESC LIMIT 1

4 “ASL1T “The smallest?”

TCS: REPLACE(ORDERBY_AS1.COLUMN2)

SELECT FOOTBALL_TEAM_PLAYER WHERE TEAM_HOMETOWN
|= "MURRIETA, CALIFORNIA" ORDER BY AGE AS LIMIT 1

Created a total of 435k text-to-SQL conversations based on 400K tables in WikiTABLES



Pre-Training Objectives

Turn Contextual Switch (TCS): Column Contextual Semantics (CCS):
* Aims to represent diff between  Aims to represent the operation
the current and previous SQL expected on each schema item
TCS TCS MLM CCS CCS CCS CCS
INS{SELECT.column) INS{SELECT.column) the MNone SELECT ORDER BY DESC LIMIT
{ <g> ‘ |{ <g> | <mask> I | <[g> ‘ { <fg> ‘ ! </g> ‘. </g>

T 3 - = =

Transformer Encoder

i
f

[ <s> also show the names of their publishers | <s> who are ... authors <s> find <mask> ... books l | </s> author id </s> author name </s> ... ...</s> sale amount
Current Question Dialog History Database Schema

(Yu et. al, 2021)



Significant improvement over all baselines, 3 SOTA results

SPARC CoSQL
Dev Test Dev Test
. Models M IM QM IM QM IM QM IM
Sequential Text-to-SQL oces Q Q Q Q
(SPARC) SyntaxSQL (Yu et al., 2018a) 185 43 202 52 - - 142 22
GAZP + BERT (Zhong et al., 2020) 489 297 459 235 420 123 397 128
] EditSQL + BERT (Zhang et al., 2019b) 47.2 29.5 479 253 399 123 408 137
Conversational Text-to-SQL IGSQL + BERT 507 325 512 295 441 158 425 150
(CoSQL) R2SQL + BERT - - 558 308 - - 468 170
RAT-SQL + BERT (Wang et al., 2019) 56.8 334 - - 484 191 - -
+ ROBERTA 58.2  36.7 - - 50.1 19.3 - -
+ SCoORE 62.2 425 624 381 521 220 516 21.2
Sequential Question Answering (SQA) Dialog State Tracking (Multiw0zZ 2.1)
SQA Models MultiWwOZ 2.1

Models M M
: - o i? — DS-DST 51.21

yyer et al. (2 4. 2.
Sun et al. (2019a) 456 132 SOM-D ST 52.57
Meiiller et al. (2019) 55.1  28.1 DS-picklist 53.30
Herzig et al. (2020b) 67.2 404 TripPy 33.29
Wang etal. (2019) + ROBERTa 628 332 SimpleToD 55.72

with 10% training data 533 212 :

Wang et al. (2019) + SCORE 654  38.1 TripPy (ours) 58.37

with 10% training data 57.1  26.1 + SCORE 60.48




Accuracy significantly improves on every turn except the first
(in which the task is effectively a single-turn semantic parsing)
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Overall Q1 Q2 Q3 Q4
B BERT mSCoRE

Results for the SQA dataset.
Other datasets exhibit similar behavior.
Comparison with ROBERTa exhibits similar behavior



Pre-training on the synthesized data with the new training objectives
is much more effective than using it for data augmentation

53
52
51
50
49

48
47
46

No Synthetic data  Synthetic data
augmentation

CoSQL dataset
Base Model: RAT-SQL + BERT

Synthetic data
pre-training
(SCoRE)

61
60
59
i .
57
No Synthetic data Synthetic data Synthetic data
augmentation pre-training
(SCoRE)

MultiWoZ 2.1 dataset
Base Model: TripPy



Richer Models of User Interactions



Motivation

- Traditional Semantic Parsing : one-shot translation of an utterance to a
corresponding logical form

E' Find all locations whose name contains the word “film”

¢ Semantic Parsing

SELECT Address FROM Locations WHERE
Location Name LIKE “$film%”;

e



Motivation

* Interactive Semantic Parsing: humans can further interact with the
system by providing free-form natural language feedback to correct
the system when it generates an inaccurate interpretation

E' Find all locations whose name contains the word “film”

=

¢ Semantic Parsing

SELECT Address FROM Locations WHERE
Location Name LIKE “$film%”;

‘:‘ Address is wrong. | want the names of those locations.

¢ Correction

SELECT anation_ﬂame FROM Locations WHERE
Location Name LIKE “$film%”;

e



Motivation

Many Semantic Parsing Errors are minor and can be corrected it humans
have a way to continue interacting with the system to correct them

1 %‘160
8.2 §140
. Q
407 ' ' Tucl120
20.6 5100
£ 0.5 @ 80
Q o
88431 g 60
>
AV O
0.2 9 40
0.1 o 20
0 £ o
Easy Medium Hard V. Hard Easy Medium Hard V. Hard
Difficulty Level Difficulty Level
—e—|nteractive -=—Standard —e—|Interactive —=—Standard

(Su et. al, 2018)



Semantic Parsing Correction with Natural Language Feedback

Utterance: Find all locations whose name contains the word “film”

Initial Parse: SELECT Address FROM Locations WHERE
Location_Name LIKE “%$film%”;

Feedback: Address is wrong. | want the names of those locations.

Schema: [Location_ID | Location_Name | Address | Other_Details

J

Corrected Parse: SELECT Location Name FROM Locations WHERE
Location Name LIKE “%film%”;

(ElGohary et. al, 2020)



SPLASH: A Dataset of NL Correction

Utterances S pider 10

+
Gold Parses  [AIIFSINNT Parsing and Text-to-SQL Challenge

Training: 8,600 Development: 1,034

80% 20%
Parser %in Test

NL2SQL
Model

Mis-predicted SQLs ~ mememmeilys Explain = sty Collect Feedback



SPLASH: Explaining SQL

SQL: SELECT Id, Name FROM Browser GROUP BY Id
ORDER BY COUNT (*) DESC

J

Template: SELECT $cs0 FROM $t0 GROUPBY $c0 ORDERBY $aggr0 S$cl

2

Step 1: Find the number of rows of each value of id in browser table.

Explanation: Step 2: Find id, name of browser table with largest value in the results of step 1.



* Types of Feedback

Feedback Type
Output
- Unneeded
- Missing
- Wrong

Conditions
- Unneeded
- Missing
- Wrong

Order/Distinct
Aggregation

SPLASH: Explaining SQL

%

4%
13%
36%

7%
10%
19%

5%
6%

Example

No need to return email address
| also need the number of different services
Return capacity in place of height

Return results for all majors
Ensure they are FDA approved
Need to filter on open year not register year

Only return unique values
| wanted the smallest ones not the largest



SPLASH: Explaining SQL
* Types of Feedback

* Complete Feedback: 81.5%

Question: Show the types of schools that have two schools
Pred. SQL: SELECT TYPE FROM school GROUP BY TYPE HAVING count(*) >= 2
Feedback: You should not use greater than.

 Partial Feedback: 13.5%

Question: What are the names of all races held between 2009 and 2011
Pred. SQL: SELECT country FROM circuits WHERE lat BETWEEN 2009 AND 2011
Feedback: You should use races table.

* Paraphrase Feedback: 5.0%

Question: What zip codes have a station with a max temperature greater than or equal to 80 and
when did it reach that temperature

Feedback: Find date , zip code whose max temperature f greater than or equals 80



Learning to Edit with NL Feedback

Difference between initial incorrect parse (source) and
correct parse (target) is a set of edit operations

select: remove "MAX(grade)”, add "AVG(grade)"
where: remove “id NOT IN sub+”
order-by: add "id"—L

select argq:"id". arg,"MAX(grade)”

from: argq:"assignments”
-| group-by: argq:id

where: argq:"grade > 20", arg,:"id NOT IN subs4"
subs: argq:

select: argq:"id". arg,"AVG(grade)”
from: arg:"assignments”

-| group-by: arg,:"id"

where: argq:"grade > 20" _
order-by: argy: id ; \4

Linearize |

—

- {m: argq: "id" _ - <select> remove maximum grade </select> <select> add
from: argy: "graduates” average grade </select> <where> remove id not one of
</where> <orderby= add id </orderby=>
Source | Target Edit |

(ElGohary et. al, 2021)



Learning to Edit with NL Feedback

Most corrections involve a small number of edits

a5
o SPLASH
o EditsQL
30 TaBERT

e RAT-5QL

1 .4 3 i 5 & = G

Edit Size (Num. Add/Remove Operations)

Parcontage
]
=

et
ket

1

=

W

=

MICROSOFT RESEARCH



Learning to Edit with NL Feedback

Learning to generate edits to correct mistakes based on
open-form feedback

“Find all locations whose

Question: e —
name contains film
SELECT Address FROM <select> op:delete Address </select>
SQL: Locations WHERE Name — Encoder — Decoder -
Like “%film%’ <select> op:add Name </select>
“Address is wrong. | want the
Feedback: &

name of the locations”



Learning to Edit with NL Feedback

Correction

accuracy
(%)

Without Feedback:

- Re-ranking: beam 11.9

- Re-ranking: parser score 11.3
With Feedback:

- Re-ranking 16.6

- Re-generation (EditSQL) 25.2

With Feedback:
- Learning to Edit (NLEdit) 41.4




Multi-Modal Interactions as Feedback

“Debug-it-Yourself” Interface:
1. A small-but-relevant example is created

2. Allow counterfactual exploration and editing
User Wed at 03:17 AM, 10/7 3. Link back to the main database

What is the average acceleration of cars each year?

@  System Wed at 03:17 AM, 10/7 o Entities Detected in the Question

(C ) What is the

0 e L
12.71 1970 average of cars_data.Accelerate cars_data.Year

15.31 1971
15.13 1972 o Sample Data View @ Steps 0 Answer on the Sample Data

B o » 0 » e

Page 1 of 5

of cars each ?

Consider the following sample data table. Group records with the same cars_data.Year Choose cars_data.Year, and average of

v
together. cars_data.Accelerate.
[ omme ||
Accelerate Year + - CACICALS

& Practice = Task 12 1970 [ Year Accelerate Avg(Accelerate) Year
115 1970 g = 1970 (3 records) (12,11.5,11) 11.50 1970
1 1970 ] 12 11.25 1971

12 1971 @ 11.50

10.5 1971 i 11

. % mx +2 = 1971 (2 records) (12,10.5)

12

10.50

(Narechania et. al, 2021)



System e at

User Tue at 0649 AM, 8/11

Who founded Fu

tsu 7 Where is its hea

®



Take-aways

Q{}
@ Richer Contextual Representations

* Importance of leveraging context from interactions and underlying ontology
(data)

* Leveraging common challenges across multiple tasks
* Pre-training as a method for contextualization
* Better context representation leads to better few-shot learning abilities



Take-aways

Toward more collaborative Al systems that can use the user as a teacher

Richer Models of User Interactions

Richer interaction can lead to better user satisfaction
Richer models for feedback (binary, natural language , multimodal feedback)
Interactivity as part of task definition and system evaluation



Take-aways

A Many more challenges

Data Collection and generalization

Interactivity, continuous learning, and personalization
Explainability, privacy and trustworthiness

Fvaluation and benchmarks
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