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Recap: Semantic Parsing
• General definition: natural language → formal meaning representations 

   NL: John likes fruits 

   LF:                                                  (lambda expressions, CCG, AMR etc.)  

• NL2Code: natural language → high-level programming languages 

   NL: List all users 

   LF: SELECT Name FROM User_Profiles



Personal Conversational

Intelligent



Tables and relational databases are dominant data structures that 
powers the downstream AI applications.



The Internet contains billions of public tables. And more exist on 

corporate intranets and personal devices.



Natural Language Interface to Databases
Traditionally, database information is accessed 
using structured query language (SQL).

SELECT Quantity FROM Product 
WHERE Name = “Hoverboard x10”

SELECT Arriving_Time FROM Flights 
WHERE Flight_Number = “CZ327”

SELECT T2.name FROM Instructor AS T1 JOIN 
Department AS T2 ON T1.Department_ID = 
T2.ID GROUP BY T1.Department_ID HAVING 
AVG(T1.Rating) > (SELECT AVG(Rating) FROM 
Instructor)

SELECT Name FROM Country WHERE 
Continent = “Asia” ORDER BY 
LifeExpectancy LIMIT 1



Natural Language Interface to Databases

How many “Hoverboard x10” are left in 
stock?

Give me the arriving time of “CZ327”.

Which departments have instructors in general 
rated above average?

Our goal is to learn semantic parsers over tables and databases that maps natural 
language utterances to executable database queries.

Show Asian countries ordered by life 
expectancy.



GraPPa: Grammar-Augmented Pre-training for 
Table Semantic Parsing. Yu et al. 2020.

Bridging Textual and Tabular Data for Cross-Domain 
Text-to-SQL Semantic Parsing. Lin et al. 2020.

ColloQL: Robust Cross-Domain Text-to-SQL over Search 
Queries. Radhakrishnan et al. 2020.

 I. Content-Aware Textual-Tabular Encodings for Table Semantic 
Parsing (TSP)

 II. Pre-training Textual-Tabular Representations with                           
Semantic Scaffolds

 III. Conversational Table Semantic Parsing

SParC: Cross-Domain Semantic Parsing 
in Context. Yu et al. 2019.

CoSQL: A Conversational Text-to-SQL 
Challenge Towards Cross-Domain 
Natural Language Interfaces to 
Databases. Yu et al. 2019.

Editing-Based SQL Query Generation 
for Cross-Domain Context-Dependent 
Questions. Zhang et al. 2019.
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Learning 
logical-form 

based semantic 
parsers for 

NLIDBsHemphill et al. 1990 
Dahl et al. 1994

ATIS Corpus 
collection

Zelle and Mooney 1996 
Popescu et al. 2003 
Zettlemoyer and Collins 
2005

Seq2Seq-style 
neural 

semantic 
parsing

Dong and Lapata 2016

Sutskever et al. 2014 
Bahdanau et al. 2015

Neural 
networks 

widely 
adopted in 

NLP

WikiSQL: a 
large-scale, 

cross-domain 
text-to-SQL 

corpora

Zhong et al. 2017
Xu et al. 2017 
Dong and Lapata 2018 
Wang et al. 2018 
Yu et al. 2018a 

TypeSQL, column 
attention, sketch-
based, execution 

guided, RL, 
meta-learning

Spider: expert-
annotated, 
large-scale, 

cross-domain, 
complex

LM-based  
pre-training: 

BERT

Yu et al. 2018b

Devlin et al. 2018

Table-Aware 
BERT Encoder, 

surpassed 
human-

performance 
on WikiSQL

Hwang et al. 2019

Syntax-guided, 
GNN, schema 

linking, SemQL

Yu et al. 2018c 
Bogin et al. 2019 
Guo et al. 2019 
Wang et al. 2020 
…

Simplified 
architecture; 

transfer learning, 
human-in-the-

loop

Lin et al. 2020 
Scholak et al. 2020 
Zhong et al. 2020 
Yao et al. 2020 
… 

Table Semantic Parsing: A Brief History



TSP Problem Overview
Tables are the 
simplest 
relational 
databases
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supervised SP



TSP Problem Overview

Learning Executable Semantic Parsers for Natural Language Understanding. Liang et al. 2016.

Weakly-
supervised SP
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TSP Problem Overview

Similar intent, 
different DB schema 
results in drastically 
different SQL Logical 
Forms

Cross-
Database



TSP Problem Overview

A long tail of 
infrequent entity 
types

Leverage value-field 
mappings in the DB
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Recap: Attention

(A) Scaled Dot-
Product Attention

(B) Multi-Head 
Attention

(C) Self-Attention (Encoder 
Representations from 
Transformers)

(D) Pre-trained Bidirectional 
Encoder Representations 
from Transformers (BERT) 

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. Devlin et. al. 2018.

Attention Is All You Need. Vaswani et. al. 2017.



Architecture 
Redundancy
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Idea: Encode question, DB schema and the cross-modal 
contextualization using pre-trained deep BERT.

Textual-Tabular Data Encoding

Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020.

Lexical Representation

Structure Dependencies
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Idea: Encode question, DB schema and the cross-modal 
contextualization using pre-trained deep BERT.
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Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020.

Hybrid Representation

Idea: Encode question, DB schema and the cross-modal 
contextualization using pre-trained deep BERT.
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Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020.

Content-Aware Textual-Tabular Data Encoding: 
Encode question, DB schema and related DB cells 
as a tagged sequence using BERT.

Fuzzy-string 
match
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SQL Keywords and digits

Question words

Tables and columns

LSTM-based pointer-generator (See et al. 2017)

Dec
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SELECT Property_Name FROM Properties WHERE 
Property_Type_Code = “House” UNION 
SELECT Property_Name FROM Properties WHERE 
Property_Type_Code = “Apartment”

SQL

Cross-Entropy Loss
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Effective heuristics for pruning the search space of a sequential pointer-generator decoder 

• SQL syntax 

• The FROM clauses set the scope of a SQL query and the table fields appeared in the rest of the clauses can only 
belong to the tables in FROM 

SELECT T2.name FROM Instructor AS T1 JOIN Department AS T2 ON T1.Department_ID = T2.ID 
GROUP BY T1.Department_ID HAVING AVG(T1.Rating) > (SELECT AVG(Rating) FROM Instructor)

Rewrite a SQL query with FROM clauses in the front 

FROM Instructor AS T1 JOIN Department AS T2 ON T1.Department_ID = T2.ID SELECT T2.name 
GROUP BY T1.Department_ID HAVING AVG(T1.Rating) > (FROM Instructor SELECT AVG(Rating))

Lemma: Let Yexec be a SQL query with clauses arranged in execution order, then any table field in Yexec will appear 
after its corresponding table token.

execution order
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…T Instructor                        … … T DepartmentsC CCLS SEPShow names…                        ……C …C …
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T C           …



Schema-Consistency Guided Decoding
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• Generate SQL queries in execution order and unmask DB fields dynamically

…T Instructor                        … … T DepartmentsC CCLS SEPShow names…                        ……C …C …

FROM Instructor JOIN Department ON Instructor.Department_ID = Department.ID SELECT 
Department.name GROUP BY Instructor.Department_ID HAVING AVG(Instructor.Rating) > 
(FROM Instructor SELECT AVG(Instructor.Rating))

T C           …



Schema-Consistency Guided Decoding
fprimary
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• Generate SQL queries in execution order and unmask DB fields dynamically

…T Instructor                        … … T DepartmentsC CCLS SEPShow names…                        ……C …C …

✔ Vectorizable

✔ Schema consistency not guaranteed, used 
in combination with post-decoding checks

✔ Not limited to sequence decoders

T C           …

✔ Applied during inference

FROM Instructor JOIN Department ON Instructor.Department_ID = Department.ID SELECT 
Department.name GROUP BY Instructor.Department_ID HAVING AVG(Instructor.Rating) > 
(FROM Instructor SELECT AVG(Instructor.Rating))



Expert-annotated, cross-domain, complex 
text-to-SQL dataset 

Assumption:  

• For each 

Database

ID NameInstructor Department_ID Salary …

Department ID Name Building Budget …

… …

Primary key

Primary key

Foreign key

Question    What are the name and budget of the departments 
with average instructor salary above the overall average?

SQL

SELECT T2.name, T2.budget  
FROM Instructor AS T1 JOIN Department AS T2 ON 
T1.Department_ID = T2.ID 
GROUP BY T1.Department_ID 
HAVING AVG(T1.salary) > 
    (SELECT AVG(Salary) FROM Instructor)

Train Dev Test

# DBs 146 20 40

# Examples 8,659 1,034 2,147

Hidden

Dataset
Spider (Yu et al. 2018)
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• Compute fuzzy string match between the input question and the picklists of each DB field to identify value 

mentions 
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• Logical form match ignoring values and SQL component order invariance 

• Execution accuracy 

• Check if the execution results of the predicted SQL query matches the executions results of the ground-truth 
SQL query 
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Inference steps 
• Compute fuzzy string match between the input question and the picklists of each DB field to identify value 

mentions 

• For each DB field, keep top-K matches and use them to augment the DB schema representation 

• Run semantic parser 

Evaluation 
• Exact set match 

• Logical form match ignoring values and SQL component order invariance 

• Execution accuracy 

• Check if the execution results of the predicted SQL query matches the executions results of the ground-truth 
SQL query 

Better evaluation for 
text-to-SQL is still an 
open research problem

Semantic Evaluation for Text-to-SQL with Distilled Test Suites. Zhong et al. 2020.
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Leaderboard Performance
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(Spider leaderboard as of June 1st, 2020)

New results as of Nov. 
20, 2020 

With BERT-large: 70.0 
(dev), 65.0 (test)

Our model synthesizes 
complete SQL queries 



Error Analysis
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Qualitative observations

Robustness issue

Rare relation & value 
surface form

Commonsense

“Friend” table stores 
students who has a 
friend, not all students



Performance by DB
fprimary

fforegin
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Better characterization of “similar” 
examples could help transfer learning

Exact match accuracy on each DB in the Spider dev set. The DBs are sorted by size (smallest -> largest) from top 
to bottom.
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Fine-tuned BERT Attention Visualization
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BertViz (Vig 2019)

• Pooling effect in special tokens 
[T] and [C], layer 1



Live Demo https://naturalsql.com
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Can be turned into a 
data collection tool

https://naturalsql.com
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Takeaway
• Contextualizing the input utterance, DB schema structure and DB content is critical 

for text-to-SQL semantic parsing. 

• By stretching the usage of special tokens in pre-trained language models we can 
effectively model such contextualization using multi-head self-attention over tagged 
sequences.  

• Explicitly modeling the “structures” of data could still offer benefit and is worth 
exploring. 

• Trustworthiness, interpretation and robustness are all critical for practical text-to-
SQL semantic parser deployment. 
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Language and Table Understanding

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.

Question Answering (Pasupat and Liang 2015)Semantic Parsing (Yu et al. 2020)

Fact Verification (Chen et al. 2020)

Table Summerization (Parikh et al. 2020)

There is growing need for table understanding in the field, 
often in the context of natural language…
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Language and Table Understanding

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.

Question Answering (Pasupat and Liang 2015)Semantic Parsing (Yu et al. 2020)

Fact Verification (Chen et al. 2020)

Table Summerization (Parikh et al. 2020)

We pre-train joint representation for text and tables with 
potential benefit across tasks, focusing on table semantic 
parsing and question answering tasks.
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Pre-trained Language and Table Representation

TaBERT: Pretraining for Joint Understanding of Textual And Tabular Data (Yin et al. 2020)
TAPAS: Weakly Supervised Table Parsing via Pre-training 
(Yin et al. 2020)

• Data: 26M tables and their English contexts from English Wikipedia and the 
WDC WebTable Corpus 

• Objective: standard MLM; Masked Column Prediction (MCP); Cell Value 
Recovery (CVR) 

• Content Snapshot: sampled rows that summarize the information in T most 
relevant to the input utterance

• Data: 3.3M Infoboxes and 2.9M WikiTables with 
relevant text snippets including table caption, article title, 
article description, segment title and text of the segment 

• Objective: standard MLM and relevant table prediction 
• Table Content is flattened and inserted into the table 

schema
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Challenges

TaBERT: Pretraining for Joint Understanding of Textual And Tabular Data (Yin et al. 2020)
TAPAS: Weakly Supervised Table Parsing via Pre-training 
(Yin et al. 2020)

• Data: 26M tables and their English contexts from English Wikipedia and the 
WDC WebTable Corpus

• Data: 3.3M Infoboxes and 2.9M WikiTables with 
relevant text snippets including table caption, article title, 
article description, segment title and text of the segment

            Large, noisy training data
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Challenges

TaBERT: Pretraining for Joint Understanding of Textual And Tabular Data (Yin et al. 2020)
TAPAS: Weakly Supervised Table Parsing via Pre-training 
(Yin et al. 2020)

• Objective: standard MLM; Masked Column Prediction (MCP); Cell Value 
Recovery (CVR)

• Objective: standard MLM and relevant table prediction

Learning objective does not explicitly enforce 
alignment between text and table
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Synthesize Text-to-SQL Data
• Induce synchronous context-free grammar (SCFG) from existing text-to-SQL datasets. 
• Synthesize text-SQL pairs from high-quality tables (340k) using the SCFG. 
• Pre-train the model on the synthetic data using a novel text-schema linking objective that predicts the 

syntactic role of a table field in the SQL for each text-SQL pair 
• Include masked language objective (MLM) as a regularization over existing table-and-language 

modeling datasets

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.
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Grammar-Augmented Pre-training

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.
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Experiments

WikiTableQuestions (Pasupat and Liang. 2015); WikiSQL (Zhong et al. 2017); Spider (Yu et al. 2018)
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Fully Supervised Semantic Parsing Results

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.

Spider Results

Our best model GraPPa (MLN+SSP) achieves 
new state-of-the-art performance, 
surpassing previous work by a margin of 4%

WikiSQL Results

Our best model GraPPa (MLN+SSP) achieves new 
state-of-the-art performance. The improvement 
from the base model is even more significant when 
there is less training data.
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Weakly Supervised Semantic Parsing Results

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.

Our best model GraPPa (MLN+SSP) achieves 
new state-of-the-art performance, improve 
from RoBERTa by a margin of 1.8%. The 
improvement is even more significant using 
10% of the training data.

Our best model GraPPa (MLN+SSP) achieves new 
state-of-the-art performance.

WikiTableQuestions Results Weakly Supervised WikiSQL Results
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Effect of Different Pre-training Objectives

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.

Dev set 
results
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Takeaway
• GraPPa is an effective pre-training approach for table semantic parsing. 
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Takeaway
• GraPPa is an effective pre-training approach for table semantic parsing. 

• It learns a compositional inductive bias in the joint representations of textual 
and tabular data via a novel text-schema linking objective over synthesized 
question-SQL pairs.
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Takeaway
• GraPPa is an effective pre-training approach for table semantic parsing. 

• It learns a compositional inductive bias in the joint representations of textual 
and tabular data via a novel text-schema linking objective over synthesized 
question-SQL pairs. 

• On four popular fully supervised and weakly supervised table semantic 
parsing benchmarks, GRAPPA significantly outperforms RoBERTa-LARGE as 
the feature representation layers and establishes new state-of-the- art results 
on all of them. 
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In real world, users typically issue sequences of questions 
when querying a database 

Context-dependent utterances reflect special linguistic 
phenomena such as co-references and omission  

Besides well-formed information seeking questions, users 
may issue utterances that require clarification and trigger 
other dialogue actions

System responses are better to be paired w/ accessible 
natural language responses

CoSQL: A Conversational Text-to-SQL Challenge
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In real world, users typically issue sequences of questions 
when querying a database 

Context-dependent utterances reflect special linguistic 
phenomena such as co-references and omission  

Besides well-formed information seeking questions, users 
may issue utterances that require clarification and trigger 
other dialogue actions

System responses are better to be paired w/ accessible 
natural language responses NLIDB should be conversational

CoSQL: A Conversational Text-to-SQL Challenge



Wizard-of-Oz data collection pipeline:

Wizard-of-Oz Data Collection



Chatting Interface



Data Statistics

ATIS (Hemphill et al. 1990, Dahl et al. 1994); SParC (Yu et al. 2019)

Context-dependent  
text-to-SQL 

(I)

Natural language 
response generation 

(II)

Dialogue action 
prediction 

(III)



Leaderboard: https://yale-lily.github.io/cosql

https://yale-lily.github.io/cosql
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Bridging Textual and Tabular Data for Cross-Domain 
Text-to-SQL Semantic Parsing. Lin et al. 2020.

 I. Content-Aware Textual-Tabular Encodings for Table Semantic 
Parsing (TSP)

Live Demo: https://naturalsql.com

Open Source: https://github.com/
salesforce/TabularSemanticParsing

https://naturalsql.com
https://github.com/salesforce/TabularSemanticParsing
https://github.com/salesforce/TabularSemanticParsing
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GraPPa: Grammar-Augmented Pre-training for 
Table Semantic Parsing. Yu et al. 2020.

Bridging Textual and Tabular Data for Cross-Domain 
Text-to-SQL Semantic Parsing. Lin et al. 2020.

 I. Content-Aware Textual-Tabular Encodings for Table Semantic 
Parsing (TSP)

 II. Pre-training Textual-Tabular Representations with                           
Semantic Scaffolds

Live Demo: https://naturalsql.com

Open Source: https://github.com/
salesforce/TabularSemanticParsing

https://naturalsql.com
https://github.com/salesforce/TabularSemanticParsing
https://github.com/salesforce/TabularSemanticParsing
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in Context. Yu et al. 2019.
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https://github.com/salesforce/TabularSemanticParsing
https://github.com/salesforce/TabularSemanticParsing
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