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ABSTRACT

Recent advancements in TableQA leverage sequence-to-sequence (Seq2seq) deep learning models to accurately
respond to natural language queries. These models achieve this by converting the queries into SQL queries,
using information drawn from one or more tables. However, Seq2seq models often produce uncertain (low-
confidence) predictions when distributing probability mass across multiple outputs during a decoding step,
frequently yielding translation errors. To tackle this problem, we present Ckir, a confidence-based knowledge
integration framework that uses a two-stage deep-learning-based ranking technique to mitigate the low-
confidence problem commonly associated with Seq2seq models for TableQA. The core idea of Ckir is to
introduce a flexible framework that seamlessly integrates with any existing Seq2seq translation models to
enhance their performance. Specifically, by inspecting the probability values in each decoding step, Cxir
first masks out each low-confidence prediction from the predicted outcome of an underlying Seq2seq model.
Subsequently, Ckir integrates prior knowledge of query language to generalize masked-out queries, enabling
the generation of all possible queries and their corresponding NL expressions. Finally, a two-stage deep-
learning ranking approach is developed to evaluate the semantic similarity of NL expressions to a given NL
question, hence determining the best-matching result. Extensive experiments are conducted to investigate Ckir
by applying it to five state-of-the-art Seq2seq models using a widely used public benchmark. The experimental
results indicate that Ckir consistently enhances the performance of all the Seq2seq models, demonstrating its
effectiveness for better supporting TableQA.

1. Introduction

Question-answering systems are designed to respond to a wide

recent years [12-14], existing works employing sequence-to-sequence
(Seq2seq) deep-learning models have gained widespread recognition
for addressing NL to SQL translation (NL2SQL) challenges [15-20].

range of questions by utilizing evidence from structured knowledge
bases such as tables [1] and knowledge graphs [2,3], as well as un-
structured texts [4] or images [5,6]. In particular, table-based question
answering (TableQA) is crucial for extracting and utilizing the vast
amounts of structured data found in tables. It enables more efficient and
accurate information retrieval across numerous fields by understanding
tables and using evidence from relational databases to answer natural
language (NL) questions. One line of research in TableQA involves
translating NL questions into query languages such as SQL [7-11].

In light of the remarkable achievements of encoder—decoder architec-
ture across a spectrum of natural language processing (NLP) tasks in

* Corresponding author.

That is, these models attempt to encode the input NL question (as
well as the underlying data schema) and generate the target sequence
token by token, proceeding from left to right while maximizing the
posterior probability at each decoding step. Recently, large-scale lan-
guage models have emerged as a new approach to address the TableQA
problem [21-25], significantly enhancing their capabilities.’

However, due to the drastically different data and schema formats
in TableQA tasks, the overall translation accuracy of existing models
still remains far from practical use. For instance, the cutting-edge
Seq2seq-based model [26], evaluated against the widely-used SpipEr
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Fig. 1. Two low-confidence situations observed on existing Seq2seq deep-learning
models, Rat-soL [16] and Bringe [15], where Rat-sqL uses an abstract syntax tree-based
decoder and Bringe uses a standard decoder.

benchmark [27], achieves a translation accuracy (defined as syntactic
equivalence accuracy) of merely 74.0% on the test set according to the
official leaderboard.?

The major problem we posit is that existing approaches primarily
rely on the sequential decoding process derived from the Seq2seq
paradigm to generate target outputs without any intervention. Unfor-
tunately, the decoding process may produce erroneous outputs when
models become ‘“un-confident”. This occurs when their prediction dis-
tribution spreads the probability mass across several outputs during
specific decoding steps, which we refer to as low-confidence situations.
Fig. 1 depicts low-confidence situations in existing models on TableQA,
Rar-sQL [16] and Bringe [15]. While the models correctly predict the
majority of the query sequences in both examples, each translation
model encounters minor issues when low-confidence scenario comes:
At the third decoding step of the models, Rar-soL mistakenly selects
the GROUP BY rule when the prediction distribution is concentrated on
the first two rules, whereas Bringe fails to predict the join operation
but straightforwardly select GROUP BY when the distribution is concen-
trated on the first three tokens. Moreover, our experiments reveal that
Rar-soL has about a 10% chance of encountering this low-confidence
situation, while for Bripck, it even increases to 20% (See details in
Section 4.). Hence, these low-confidence situations significantly under-
mine the models’ reliability, highlighting the critical need for improved
strategies to handle such scenarios and enhance overall accuracy.

In this paper, we present Ckir, a Confidence-based Knowledge
Integration Framework to complement the traditional sequential de-
coding paradigm of existing models for the TableQA systems. Ckir
operates directly on the outputs of Seq2seq models (i.e., SQL program
in the case of NL2SQL translation), which can be optionally enabled at
inference time. Notably, Cxir is a unified framework that is compati-
ble with any existing Seq2seq deep-learning translation models to
improve their performance, which can be easily extended to apply
to constrained decoding in other semantic parsing-related tasks in
a similar way.

Inspired by previous work on confidence estimation in machine
translation [28-30], Ckir uses a token-level confidence measurement
to find the decoded tokens with low confidence as potential errors and
applies a three-stages generate-and-rank strategy for post-editing as fol-
lows. First, Ckir identifies and masks out the low-confidence predicted
tokens from the Seq2seq translation model’s output. It then generalizes
the masked-out query to encompass all potential queries according to
the underlying database schema and SQL grammar. Cxir employs a
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straightforward rule-based mapping from generalized queries to NL ex-
pressions. Finally, Ckir employs a two-stage similarity ranking pipeline
to learn relevant patterns between the NL expressions and the provided
NL question, leading to a more accurate answer using the best-matching
query. Here, by leveraging a generate-then-rank strategy in the post-editing
process, we posit that Ckir is able to produce better translation than the
conventional end-to-end generation approach used in Seq2seq translation
models.

To assess the effectiveness of Cxir, we perform experiments on the
widely recognized TableQA benchmark named Spiper, integrating Ckir
with five state-of-the-art Seq2seq deep-learning models: Bringe [15],
Rar-sqL [16], Gap [18], LeesoL [19] and Respsqr [20]. The experimen-
tal results indicate a notable enhancement in the performance of all
semantic parsers when Ckir is applied. Specifically, when incorporating
Ckrr, the translation accuracy of LgesqL reaches 77.4% on the validation
set of the Seiper benchmark, outperforming the majority of the most
advanced deep-learning translation models.?

Our Contributions. We make the following contributions:

Through the lens of confidence estimation, we introduce a low-
confidence detection approach for TableQA to perceive potential er-
rors in the traditional Seq2seq paradigm by observing the sequential
decoding process.

We propose a unified generate-and-rank strategy for Seq2seq models
to tackle TableQA. By formulating the translation problem as a docu-
ment retrieval task, we train a two-stage ranking pipeline to rank for
optimal results.

We apply Ckrr to five state-of-the-art Seq2seq-based models on public
TableQA benchmark. Our observations consistently demonstrate per-
formance improvements in established Seq2seq-based models upon
incorporating Ckir, thereby demonstrating its effectiveness.

The structure of the paper is as follows: Section 2 offers an overview
of Ckir. Section 3 delves into the methodologies. The experiments on the
public benchmark are conducted in Section 4, and Section 5 examines
related literature. Finally, conclusions are drawn in Section 6.

2. Preliminaries

In this section, we formalize the problem of NL2SQL and introduce
some preliminaries to understand Ckir.

2.1. Problem formulation

Formally, given a user question ¢ expressed in NL and a database D
with its associated schema .5, the NL2SQL task aims to translate g into
a SQL query / that can be executed on D to answer the user question
q. This paper focuses on Seq2seq-based NL2SQL models. Here, we give
the definition of NL2SQL with Seq2seq-based model solutions.

Given an NL question g and a structural database schema § =
(T,C, R) where T = (1,15, ... ) presents multiple contained tables, C =
(¢, ¢y, ... ) indicates associated columns, and R = (rj,r,,...) denotes
foreign keys relations. A Seq2seq-based NL2SQL model aims to use its
encoder to compute a contextual representation ¢ by jointly embedding
the NL query ¢ with schema S, followed by the usage of its decoder to
compute a distribution P(Y | ¢) conditioned on ¢ to generate a SQL
query / corresponding to g.

3 As the test set of SpEr hosted on an evaluation server is inaccessible, we
conducted our experiments using the validation set instead.
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Fig. 2. The workflow of Ckir is as follows: (1) Detection: Ckir evaluates token-level confidence to identify and mask out uncertain predictions in the output sequence of a Seq2seq
translation model; (2) Generation: Ckir generalizes the masked output to produce a large set of candidate queries based on the underlying database schema and query grammar;
(3) Ranking: Cxir utilizes a two-stage ranking pipeline to determine the best-matching query (and hence the answer) for a given NL question.

2.2. Seq2seq-based NL2SQL models

Seq2seq models represent vital deep learning techniques designed
to manage sequential data, facilitating the seamless conversion of se-
quences between distinct domains. These models can take the form of a
fundamental encoder-decoder network built upon recurrent neural net-
works (RNNs), attention-based encoder—decoder RNNSs, or transformer-
based models.

We use the Seq2seq framework [31] for the conversion of NL ques-
tions into SQL representations. Given an NL question Q = {q, 45, ..., ¢,}
and a database schema S = (C,7,F) that contains columns C =
{erseaneinseeds tables 7 = {t,,1,, ... NI and a set of foreign-primary
key pairs F = {(Cfl’cpl)’(cfz’cpz)"“’(Cf\q’cmq)}’ a contextual repre-
sentation, denoted as ¢, is computed by the encoder, embedding the
question Q together with schema S. Subsequently, the model uses a
decoder to compute a distribution P(Y|c) over the SQL programs Y =
(V15 ---»Ym)- According to various model architectures, the decoder’s
learning target Y may encompass raw SQL tokens [15,32], intermediate
representations [33,34], or abstract syntax trees [16,18,19].

2.3. Confidence estimation in Seq2seq translation

Confidence estimation in Seq2seq translation involves calculating a
confidence score that represents the model’s belief in the correctness of
the generated translation.

Formally, given an NL question Q and a predicted meaning repre-
sentation a produced by an underlying translation model, the confi-
dence score of the predicted outcome is estimated as s(Q,a) € (0,1).
A higher score indicates greater confidence in the accuracy of the
prediction. Depending on different confidence estimation methods, the
confidence score s can be calculated using either probability-based [35]
or dropout-based measures [36].

3. CONFIDENCE-BASED KNOWLEDGE INTEGRATION FRAMEWORK

In this section, we first give an overview of our proposed approach,
Ckir. We then describe details about the related techniques used in Ckir,
including low-confidence detection, confidence-aware generalization,
query translation, and a two-stage ranking pipeline.

3.1. Overview

Fig. 2 provides an overview of Cxir. By plugging into a Seq2seq-
based NL2SQL translation model,

@ Cxir first measures the token-level confidence by during each
decoding step, masking out the low-confidence predictions from
the outputs.

® Secondly, Ckir generalizes the masked output to obtain a large
set of candidate queries based on the underlying database schema
and the query grammar.

(® Thirdly, a query translation model is used to synthesize the NL
expression for each candidate query.

@ Lastly, we get the most suitable matching query result (and
hence the answer) for a given NL question through a two-stage
similarity ranking pipeline.

Confidence Detection. This step in Fig. 2-@) examines the decoding
states of the underlying model to determine if any uncertain predictions
exist in the output sequence. This is accomplished by checking the prob-
ability distribution at each decoding step. Consider the bottom example
shown in Fig. 1. when predicting the GROUP BY clause, it becomes
evident that the majority of the probability mass is concentrated on the
top-3 tokens, namely “group”, “join” and “hiring”. This concentration of
probability mass suggests a low-confidence prediction for BRrIDGE.

Note that if any low-confidence predictions are detected, Cxir masks
all those predictions from the SQL output sequence. Following is the
masked-out query that we obtained from the above example,

SELECT count (*), name FROM shop [MASK]

Candidate Generation. This step in Fig. 2-@2) is to generate all possible
SQL queries based on the masked-out query obtained in the previous
step. Cxir achieves this by using the masked-out query as a SQL “skele-
ton” and then generating a range of SQL queries by adhering to SQL
grammar and the underlying database schema. In the Bripge example
of Fig. 1, one possible SQL query that can be generated using the
masked-out query above is the following,

SELECT count (*), shop.name FROM shop
JOIN hiring GROUP BY shop.name
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Query Translation. This step in Fig. 2-(3) is to utilize query translation
techniques to generate an NL description for each generalized SQL
query. For instance, here is the description of the above generalized
query: “Find the number of hiring and the name of shop for each name of
the shop.”.

Semantic-Similarity Ranking. To find the correct generalized query
corresponding to the given NL question, this step in Fig. 2-(4) employs
a two-stage ranking pipeline. In this pipeline, the first stage of ranking
generates a collection of highly relevant candidates, subsequently as-
sessed by the second-stage ranking model to ascertain the top-ranked
query. At this point, we train the ranking models to rank the simi-
larity in NL semantics. For example, consider the given NL question
depicted in Fig. 1. The ranking pipeline identifies the above generalized
(i.e., ground-truth) SQL query as the closest match to the given NL
question, thereby producing the translation outcome.

3.2. Low-confidence detection

The sequential decoding process of a Seq2seq-based NL2SQL model
primarily generates each output token at each decoding time step
based on maximum likelihood. Previous approaches typically adopt a
“passive” strategy, relying solely on this end-to-end decoding process
to obtain the final output. An important question here is how to
improve the naive decoding process and identify potential errors within
it. Therefore, we introduce a token-level introspection mechanism to
achieve this goal.

Intuitively, if a base translation model produces similar output
values for multiple top predictions during the Seq2seq decoding process
(as seen in Fig. 1), it suggests model uncertainty and indicates a low-
confidence prediction. For simplicity, we assume that the decoder of
the base translation model is constructed by a vanilla RNN, though the
symptoms for other more complex models, such as Transformers, are
analogous. A detailed explanation is provided below.

During the inference process, the decoder utilizes the RNN to unfold
the target information. At step j, the target hidden state /; is computed
as

h; =RNN(e, .h;_;,¢) @

The probability distribution P;, which encompasses all potential can-
didate symbols within the SQL vocabulary at step j, is generated by
conditioning on the embedding of the symbol predicted at the previous
step, the context representation from the source, and the hidden state.
t; = g(ey_|,hj,c)
I, = W) (2)
P; = softmax(l;)

where g stands for a linear transformation, W, is applied to transform
t; into logits /; that represents the non-normalized predictions for
each target symbol. These logits are then normalized using a softmax
function to derive output probabilities for each symbol. In the end, the
symbol with the highest probability is selected as the predicted target

symbol
y; = argmax(P)) ®

Due to the fast-growing nature of the exponential function used in
softmax computation, even small adjustments to the softmax inputs can
result in significant alterations to the output distribution. Moreover,
prediction probabilities derived from softmax distributions often lack
a direct correlation with confidence [35]. Therefore, we employ an
indicator function L to estimate the output at step j, utilizing the raw
predictions, or logits, to assess confidence.

L)oo if|1;.""l—1;""2 I<® @
Vi 1 otherwise
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where " and I'” represent the top two logits at step j, while w
denotes a threshold value. That is, if the gap between the top two logits
is smaller than the threshold w, the prediction at step j is considered
as low confidence.

Discussion. To balance the masking signal and the noise introduced
during detection, a certain percentage of predictions should be identi-
fied as low confidence. If the threshold w is set to too high (i.e., many
tokens are masked), the resulting masked output can become exces-
sively noisy, making it difficult to efficiently generate candidate queries
in a controllable manner in the next stage. Conversely, if the threshold
is too low (i.e., few tokens are masked), Cxir receives a weak correction
signal for effective generation. We consider the threshold w as a hyper-
parameter for Cxir, chosen through careful experimentation to optimize
the trade-off.

3.3. Confidence-aware candidate generation

Leveraging query knowledge is crucial for accurate generalization
in Ckir. Given the complexity and strictness of the query language
(i.e., SQL), a deep understanding of database schemas and syntax helps
us better comprehend and address uncertainties present in the model.
Therefore, we incorporate query knowledge into the generalization
process to ensure that the generated queries align with the structure
and syntax of the actual database.

By treating the model’s predictions as masked query results and
performing corresponding replacements based on database schemas
and SQL syntax, we can generate a more precise set of possible queries.
This query knowledge-based approach not only enhances the quality of
generalization but also significantly improves the semantic alignment
between the final results and the input NL expressions.

To view the masked query result as a template [37], we instantiate
over the underlying database schema and generalize it to a collection
of queries by randomly replacing each masked token with substitutions
based on its associated type. In the context of Cxir, we classify the
masked tokens into four types, each with specific substitutions derived
from SQL grammar and schema understanding:

* Masked Schema Token. This kind of token represents low confidence
in specific schema-related SQL tokens. In the example of Fig. 1, the
column employee.name in SELECT clause or the table employee
in FROM clause may be masked if low-confidence detects.
Substitutions. By examining the FROM clauses, we first obtain all the
valid tables* from the current SQL template, and randomly substitute
a table or an associated column.

+ Masked Keyword Token. This kind of token indicates low confidence

in specific SQL clauses or keywords. For example, a masked-GROUP

token shows the uncertainty about the whole GROUP clause, whereas

a masked-avg token reflects the uncertainty about the aggregation.

Substitutions. We follow the syntax of SQL grammar to replace the

tokens. Notably, for substituting an SQL clause, we establish a series

of constraints to restrict the syntactic complexity of each clause,
preventing excessive search space exploration.

Masked Conjunction Token. This token denotes the uncertainty of the

number of clause elements. For example, a masked-AND token in

the WHERE clause or a masked-comma token in the SELECT clause
represent the uncertainty of the predicted number of predicates and
the number of projections, respectively.

Substitutions. Depend on the associated type of the token in SQL

grammar, either adding or removing schema-related tokens (e.g., a

column in SELECT clause), or a span of SQL elements (e.g., a predi-

cate in WHERE clause).

4 If any masked-table token exists, we may add other tables that have
primary-foreign key relationships with the ones in the SQL template.
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Fig. 3. Candidate query generation in Cki.

* Unpredicted Masked Token. Even when a specific SQL clause has not
been predicted, uncertainty may still be present. Therefore, we intro-
duce masked tokens that represent unpredicted elements to account
for this uncertainty. For example, an isolated masked-WHERE token
may be added into a no-WHERE masked query output.

For the bottom example in Fig. 1, we present the candidate query
generation results in Fig. 3. As the GROUPBY token is masked, the
Masked Keyword Token rule is applied to generate all possible candidate
queries in an attempt, for example, by removing GROUPBY clause,
replacing it with a JOIN operation, or replacing with WHERE clause.

In this way, the generalization process generates all potential queries,
significantly increasing the probability of correctly answering a given
input NL question.

3.4. Query translation

For each generated query, a crucial task is to generate a high-
quality NL expression that is logically consistent with the corresponding
query to represent its semantics. In the field of NLP, translating queries
into NL presents a unique challenge, particularly when dealing with
complex or nested queries, where performance consistently degrades
due to quality issues of the generation [38,39].

To overcome this challenge, utilizing query knowledge becomes
imperative, which involves a comprehensive understanding of query
syntax, semantics, and the functional relationships within queries. This
ensures that the translation not only captures the literal query structure
but also conveys the intent and context of the query, making the NL
output more intuitive and relevant for users. Therefore, we opt to adopt
and implement the rule-based method outlined in [40]. This approach
enables us to construct a simple yet more reliable query translation
generative model aimed at preserving overall translation quality.

Specifically, Cxir begins by treating a query as a text string and
segments it into small segments, representing individual clauses akin to
sub-trees in a parse tree. Subsequently, it constructs a directed graph
of the SQL query on a clause-by-clause basis. The query graph, denoted
as G,(V,, E,), is a graph where each node in V, corresponds to an
element within the query (e.g., the column name in the SELECT clause);
Each edge in E, has a specific type, signifying a particular relationship
linking two query elements. For instance, in the SQL query shown in
Fig. 1, the employee table node is associated with a “join” type edge
that connects with the evaluation table node and a “select” type
edge connects with the name column node and. Then, each element,
whether a node or an edge, is assigned a label® to specify its semantics.
Lastly, we traverse the graph using the traversal algorithm introduced
in [40] and then concatenate the element-based labels encountered
along the way to generate the description by incorporating descriptive
expressions, such as ‘find’, ‘return’, among others.

5 In our experiments’ setup, we utilize the annotations of table/column
names provided by Semer for its databases, employing them as node labels.
Following [40], default labels are assigned for edge labeling.
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Remarks. The need for creating the graph is essential for an efficient
query translation process. That is, representing an SQL query as a
graph allows for a better mapping between SQL elements (e.g., tables,
columns, joins) and NL structures by capturing relationships and de-
pendencies. In particular, this representation simplifies the translation
of complex queries by breaking them down into simpler sub-graphs,
thereby decomposing a complex query translation problem as a set of
simpler tasks.

3.5. Two-stage similarity ranking

To select the optimal outcome from a vast array of NL expres-
sions, we frame the selection problem as a document retrieval task and
use the learning-to-rank techniques [41,42] to solve. This is achieved
by leveraging existing powerful pre-trained language models as the
foundational architecture and fine-tuning them with various learning
objectives.

Fig. 4 illustrates the network architectures of the two ranking mod-
els employed in Ckir. The left network architecture represents the first-
stage retrieval model, constructed upon the Siamese Bert-network [43].
The retrieval model adapts the pre-trained Bert model [44] utilizing
Siamese and triplet network structures [45] to produce sentence em-
beddings. Conversely, the right network architecture corresponds to
the re-ranking model, which employs a sentence pair classification
structure based on BerT to determine the relevance (namely binary
classification) between the provided NL question-description pairs.

3.5.1. First-phase retrieval model

Given an NL question 7' and a complete set of generated NL
expressions D = {d|,d,, ....d,}, the first stage retrieval model aims to
extract top-k candidate NL expressions D’ = {d{,dé, ,dl’(} from the
full set D.

We utilize the Sentence-Bert model [43], which employs a siamese
network architecture, to generate semantically meaningful embeddings
for both the input NL question " and each NL expression d;. Specifi-
cally, to rank these paired expressions, a similarity score is computed
based on cosine similarity using the derived embeddings as below,

5; =E, (V) - Ey(d)) ()

where E, and E, represent the two distinct encoders used to produce
the respective semantic embeddings for a given question V" and an NL
expression d;. We then use the binary cross-entropy loss to train the
model,

losspce = = 3 (108(a(5,) + (1 = ylog(l = o(s,)) )
i=1

in which o(-) is the sigmoid function used to convert s; into a prob-
ability, y; is the binary label indicating whether the pair is similar
(i.e., y; = 1) or dissimilar (i.e., y; = 0).

Fine-tune Data Generation. The fine-tune data for the sentence-Bert
model includes a set of triples {(g;,d;, s;)} ,11 \» Where g; represents an NL
question, d; denotes an NL expression and s; signifies the semantic sim-
ilarity score between d; and ¢;. The calculation of the score s; proceeds
as follows. In the beginning, s; is initialized to 1, and subsequently,
each clause of the SQL query used to generate the NL expression d; is
compared with the “gold” query provided for g;. Whenever a clause
does not match, a penalty is imposed on the s; value. This process
iterates until all clauses have been compared or s; reaches 0.

3.5.2. Second-phase re-ranking model

Given an input NL question U and a set of top-k candidate NL
expressions D' = {d;, dé, e dli}, the objective of the re-ranking model
is to compute a relevance score s for each candidate NL expression
d] € D' concerning the NL question /. These scores are then ranked
to identify the top-ranked NL expression.
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Fig. 4. The overall network architectures of the two-stage ranking models.

The re-ranking model is constructed upon pre-trained Bert-based
models and utilizes a sentence-pair classification architecture. In addi-
tion, as the primary objective of the second-phase ranking is to reduce
errors in ranking NL expressions, we employ the listwise instead of
pairwise paradigm [46,47] to enable the model to learn the features.

Specifically, sentence pairs are packed together into a single se-

quence, and the model encodes a sequence of vectors x = {xg, X, ... \ X7, }
into a single vector c,
h, = BERT(x,)
t t (7)

¢ = q(lhg. ... hr.})

in which q({hy, ..., hy }) = hy, the hidden state corresponding to the
[CLS] position. The vector ¢ is then used to calculate the score s,

s=f(c) (8)
where f is a linear dense layer. Then, the loss is computed,
loss = Y L(S;,Y)) 9)

i=1

where L denotes a listwise loss function that takes a list of sentence
pairs (i.e., NL question-expression pairs) and their corresponding scores
S; = {s0,51,....5;}, Y; represents the oracle relevant scores for those
sentence pairs. A standard listwise function can be represented as
follows:
Vi esi

k .
X j=1 e’
In this paper, we use the NeuraNDCG algorithm introduced in [48] to
implement L.

) (10)

k
LS = =1 Dt

log(
£ Yj
i=1 j=1

e’

Fine-tune Data Generation. The fine-tuned data of the re-ranking
model is characterized by a collection of triples {(u;,d;,1;)} 111 ,- In each
triple, u; represents an NL question, d; signifies an NL description of the
corresponding SQL query, and /; corresponds to binary scores, which
indicates whether d; is generated by the ground-truth SQL query of the
NL question u; or not.

Since we adopt a listwise approach for fine-tuning the model,
we further organize the triples based on each NL question ;. Con-
sequently, we ultimately arrive at a collection of triples denoted as
{(q;, D;, L/-)}j"il. In this context, D; = {d,, d;,} represents the list of

<5 djy

NL expressions associated with u;, while L; = {/;;,1;, ...
the corresponding boolean values corresponding to D;.

N in } comprises

4. Experiments
4.1. Experimental setup

We implement Ckir using the Pytorch framework and the AllenNLP
library [49]. Our experiments were conducted on a system running
Ubuntu 18.04, equipped with a 40-core 2.2 GHz CPU and 188 GB of
RAM. All model training was performed utilizing the GeForce RTX 3090
GPU.

4.1.1. Dataset and evaluation criteria

We employ the Spiper dataset [27] to assess the performance of Ckir.
Spiper stands as a comprehensive benchmark designed for tackling in-
tricate cross-domain NL2SQL challenges. This dataset comprises 10,181
NL questions and encompasses 5693 unique complex SQL queries,
covering 206 databases containing multiple tables within 138 domains.
Spiper categorizes SQL queries into four distinct difficulty levels: Easy,
Medium, Hard, and Extra Hard. In our experiments, all models were
trained using examples from the Spiper training set and evaluated on the
Spiper validation set. It is noteworthy that Spiper adheres to a zero-shot
setting, ensuring that no database overlap exists between the training,
validation (and test) sets.

Since Seiper authors restrict access to the test set via an evaluation
server, we conducted our experiments using the validation set, which
comprises 1034 NL-SQL examples. Notably, the databases and schemas
used in the validation set are distinct from those in the training set.

4.1.2. Evaluation metrics

The performance of the model is evaluated using two translation
metrics: translation accuracy and execution accuracy. Additionally, two
metrics, namely precision, and recall, are used to assess the quality of
the low-confidence detection in CkiF.

Translation Accuracy. Given a top-1 generated query, if it matches
the “gold” SQL syntactically, we deem the translation accurate. This
metric serves as a minimum benchmark for translation accuracy, as
a semantically correct query may exhibit syntactic differences from
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Overall translation results on the validation set of the Spier benchmark.

Translation model

Spiper Validation Set

Exact Match (%)

Execution Match (%) Precision (%) Recall (%)

Bruvce [15] Base 68.7 68.0 - -

+ Cxar 70.5 (+1.8) 69.6 (+1.6) 72.6 54.5
Rar-sar. [16] Eascim (7)?:3 (+1.6) §§§ (+1.1) 480 263
Rar-saL + Gar [18] iascim Zig (+2.2) 223 (+2.0) 66.0 80.1
Lemsar [19] ?—ascem ;;11 (+2.3) ggi (+2.8) 65.9 420
Resosql + T5-3s (20] ?—aS&m ;;)g (+1.2) ;(9{.‘; (+0.7) 63.2 513

the “gold” query. Note that this metric aligns with the Exact Match
Accuracy metric introduced by Spiper, which entails comparing sets for
each query statement, with certain values excluded when calculating
the accuracy of the two SQL queries.

Execution Accuracy. This metric assesses whether the execution result
aligns with the ground truth query by executing the generated query
against the underlying structured database. Similarly, it aligns closely
with the Execution Match Accuracy metric introduced by Spiper.

Precision. This metric measures the proportion of model outputs that
are correctly identified as low-confidence out of all the outputs flagged
as low-confidence. It indicates how accurate the detection is in Ckir.

Recall. This metric measures the proportion of actual low-confidence
outputs that were correctly identified by the detection method. It
reflects the model’s ability to catch all true low-confidence outputs.

4.2. Implementation details

We present below the implementation details of Ckir used in our
experiments.

Low-confidence Criteria. Due to variations in network designs among
different models, it may not always be feasible to set a fixed threshold
w for all Seq2seq-based models. Therefore, we adopt a strategy where
we limit low-confidence situations to no more than 20% of total queries
and individually optimize the threshold w for each Seq2seq model used
in our experiments.

Retrieval Model. We initialize the model using the pre-trained stsb-
mpnet-base-v2° sentence-transformer. We employ the Adam optimizer
[50] with a learning rate of 2e-5, implementing a warm-up strategy for
the initial 10% of total training steps. Additionally, we configure the
batch size to 8.

Re-ranking Model. We initialize our model with the pre-trained
RoBERTA [51] model. Throughout training, we also employ the Adam
optimizer with a learning rate of 5e-6. To enhance training effective-
ness, we implement a learning rate schedule that decreases the learning
rate by half when training metrics plateau.

To better align with the listwise ranking paradigm, we organize the
training triples based on the respective NL questions. More precisely,
we set a threshold & to 50 and obtain a list of 50 NL expressions for each
NL question. To accommodate GPU memory constraints, we limit the
batch size to 2 for training. As a result, each training step incorporates
a total of 100 NL question-expression pairs.

6 https://huggingface.co/sentence-transformers/stsb-mpnet-base-v2

4.3. Baseline models

We use the following baselines for the experiments:

» Brioge [15] represents the schema and question as a tagged se-
quence, augmenting certain fields with cell values referenced in
the question.

Rar-sqL [16] utilizes a relation-aware schema encoding approach,
constructing the question-schema interaction graph based on n-
gram patterns.

Gap [18] is a pre-trained model that leverages Rar-sQL as its
foundation.

LaeesqL [19] is an NL2SQL model that utilizes line graph enhance-
ments to capture underlying relational features without relying
on metapath construction.

RespsoL [20] represents the question and schema in a tagged
sequence. RespsQL was implemented using three scales of the T5
model: Base, Large, and 3B. In our experiments, we use RespsQL
with the 3B scale.

Remarks. We observed the confidence calibration problem’ [52] in
Leesqr. That is, LeesqL tends to exhibit a divergence between token
accuracy and actual accuracy during training. This divergence becomes
especially pronounced in TableQA, leading to inaccuracies in the inter-
nal token labeling positions and incorrect labeling of the correct queries
when detecting instances of low confidence. Therefore, to align the
model’s accuracy with the ground-truth accuracy, we applied the AvUc
loss function introduced in the computer vision field [53] (we made
some improvements based on the SQL grammar) before applying Ckir
on LGEsQL.

4.4. Experimental results

Table 1 presents the overall translation accuracy of the models.
It is evident that Cxir consistently improves the performance of all
five models across both translation metrics. Remarkably, with the
exception of the RespsQu model, none of the Seq2seq NL2SQL models
explicitly manage specific values in SQL queries, often resulting in
lower execution accuracy in comparison to their translation accuracy.

Notable achievements are witnessed (1) when employing Cxir with
the LcesqL model, resulting in an impressive 2.3% improvement (from
75.1% to 77.4%) over the exact match metric, and (2) when applying
to the RespsoL model, achieving an 80.1% execution match accuracy on
the validation set of SpiDEr.

On the other hand, the results under the precision and recall met-
rics illustrate the low-confidence detection outcomes of all baseline

7 Calibration ensures the probability a model assigns to a prediction
(i.e., confidence) matches the correctness of the prediction (i.e., accuracy).
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Table 2

Translation accuracy (%) on the validation set of Spier by query difficulty levels.
Model Easy Medium Hard Extra Hard  Overall
Count 248 446 174 166 1034
BRIDGE 91.1 73.3 54.0 39.2 68.7
BRrIDGE+CKIF 89.9(-1.2) 76.0(+2.7) 54.0 44.0(+0.8) 70.5
RatsqQL 85.1 73.5 58.0 47.6 69.4
RaTsQL+CKIF 86.3(+1.2) 75.8(+2.3) 59.2(+1.2) 47.6 71.0
Gap 91.5 74.2 64.4 44.2 71.8
GapP+CKIF 91.9(+0.4) 76.7(+2.5) 66.1(+1.7) 48.2(+4.0) 74.0
LGESQL 91.9 77.4 65.5 53.0 75.1
LcesQL+CriF 93.7(+1.8) 79.2(+1.8) 67.8(+2.3) 49.1(-3.9) 76.7
RESDSQL 94.0 85.7 65.5 55.4 76.0
RespsQu+Ckir  94.4(+0.4)  88.0(+2.7)  67.5(+2.0)  55.0(-0.4) 77.2

approaches augmented with Ckir on the validation set of Spier. While
most baseline models with Ckir achieve strong precision and recall in
the low-confidence detection process, RaT-sqL performs poorly on the
recall metric (26.3%). The reason is that we observed that RaT-sQL
tends to exhibit high “confidence” over its outputs, thereby leading to a
relatively low rate of true low-confidence detection compared to other
baseline models.

To delve deeper into the capabilities of Ckir, Table 2 presents a
breakdown of the translation accuracy on the Spiper benchmark. As
can be seen, the performance of all translation models declines as the
difficulty level increases. By applying Ckir, noteworthy enhancements
are noted across all models in the categories of ‘“Medium”, “Hard”,
and “Extra Hard” queries. Regarding the variability noted in the “Easy”
queries with Bringe, we have observed that Cxir occasionally prioritizes
semantic-equivalent SQL queries, which presents challenges in accu-
rately evaluating the translation accuracy metric. We posit that this
instability can be mitigated if those semantic-equivalent query results
are considered during the evaluation process.

4.5. Ablation study

We conduct an ablation study on Spiper validation set to understand
how various components of Cxir contributed to the outcomes. Our
experiment involves comparing three different settings: (1) random
low-confidence detection (and masking) for candidate query genera-
tion, namely without a low-confidence detection, (2) excluding the
first-stage ranking model, and (3) the second-stage ranking model.

The results are presented in Table 3. The findings reveal that the
generation process experiences a significant decline in performance
when Cxir does not rely on low-confidence detection to recognize
potential translation errors, which emphasizes the importance of confi-
dence detection in our proposed methods. Additionally, the results also
highlight the essential role of both ranking models, while compared
to the first-stage ranking, the second-stage ranking model contributes
much more significantly to Cxir, which emphasizes the importance of
the fine-grain ranking.

4.6. Error analysis

To gain more insights into Ckir, we analyze the failed instances in re-
lation to translation accuracy on the validation set of Spiper benchmark
for each step of Ckir.

In Table 4, the total count of NL questions with incorrect answers
across the three stages (e.g., generalization, first-stage ranking process,
and second-stage ranking process) is presented, highlighting the spe-
cific stages where errors occurred. We identify three primary causes
for these failures.
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 Confidence Miscalibration Problem. We identify the primary cause
of failure in the top-1 category (i.e., generation miss count) stems
primarily from inaccurate confidence detection that occurred in the
initial phase of Cxir, which ultimately fails SQL generation. The root
cause of this issue lies in the inherent nature of Seq2seq translation,
where the token-level confidence estimation method used in Cuir
may not accurately represent the true “confidence” of the model at
specific decoding steps. For example, our observations indicate that
instances of low confidence detected by Ckir tend to lag in occurrence,
particularly when predicting complex SQL queries. To some extent,
such failures can be mitigated by relaxing the generalization rules to
encompass a wider range of potential SQL queries. Nevertheless, it
may be crucial to explore a more effective and efficient method for
confidence detection beyond the token-level approach.

Re-ranking Problem. Another significant factor contributing to the
failed cases is the second-stage ranking model’s inability to dis-
cern the best-matching result. That is, the re-ranking model finds
it challenging to identify the “gold” NL description among the top
results, given that the sentences are largely similar but exhibit minor
discrepancies in certain words. Consider the NL question, “What is the
name and capacity of the stadium with the most concerts after 2013?” in
Spiper, the NL description of the corresponding “gold” SQL query is
as follows:

NL Description of Ground-truth SQL: Find the name of the stadium,
the capacity of the stadium about stadiums that had concerts. Return the
top-1 answer only for the concert that its hosting year is or after 2014
for each stadium in descending order of the number of concerts.
Top-ranked NL Description: Find the name of the stadium, the capacity
of the stadium about stadiums that had concerts. Return the answer only
for the concert that its hosting year is 2014 for each stadium in descending
order of the number of concerts.

Such failure could potentially be mitigated if a method is discovered
to avoid the re-ranking model from succumbing to the challenges
posed by the confounding characteristics present in similar sentences.
NL Description Problem. A minor fraction of failures can be at-
tributed to the first-stage retrieval model, where Cxir struggles to
capture the semantic relevance between a provided NL question and
the corresponding NL description of the ground-truth query. This is-
sue may become more pronounced when there is a notable difference
in the length of the two sentences. We posit that such problems may
be avoided by leveraging the machine learning approaches to learn a
neural network model for summarizing lengthy sentences.

Based on the analysis above, we gain more understanding of the
aspects related to Cxir and highlight potential improvements for future
research.

5. Related work

Table Question Answering. TableQA has been a subject of investiga-
tion for many years within both the database management and NLP
communities. Initial efforts relied on rule-based approaches, wherein
manually crafted rules were used to translate NL questions into SQL
queries tailored to individual databases. However, these early systems
were susceptible to variations and paraphrasing in user queries due to
their dependence on handcrafted rules.

The recent advancements in deep learning have spurred the devel-
opment of new machine learning-based approaches for constructing
TableQA systems [16,19,20,33,54-60]. Sqiner [54] employs column at-
tention and adopts a sketch-based approach to generate SQL queries by
filling in slots. To augment the representation of database schema, [56]
proposes to use a graph neural network to enhance the representation
of the database schema. Rar-soL [16], on the other hand, utilizes a
relational graph attention neural network to effectively manage prede-
fined relations within databases. Irner [33] introduces an intermediate
representation that exhibits higher-level abstractions than SQL and
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Ablation study on Sper validation set. The “w/o Low-confidence Detection” denotes randomly selecting
low-confidence outputs and masking for candidate generation.

Model Generation Ranking Overall (%)
Miss Count Miss Count
Base Model (LcesQL + CkiF) 174 60 77.4
w/o Low-confidence Detection 248 68 69.4 (-8.0)
wy/o First-stage Ranking 174 72 76.2 (-1.2)
w/o Second-stage Ranking 174 353 49.0 (-28.4)

Table 4
Analysis of errors on the queries of Spiber validation set.

Model Generation First-stage Ranking Second-stage Ranking
Miss Count Miss Count Miss Count

BRIDGE+CKIF 68 3 15

RAT-sQL+CKIF 87 5 12

GapP+CKIF 114 9 44

LGEsQL+CKIF 174 4 56

leverages custom type vectors to augment the representation of the NL
questions and database schemas. Grarpa [57] adopts the data augmen-
tation technique and leverages pre-training approaches to bootstrap
the learning process of the translation model. Brioge [15] integrates a
Bert-based encoder with a sequential pointer-generator for end-to-end
NL2SQL translation. The schema representation in Bripge is constructed
as a tagged sequence appended to the NL question, with additional
utilization of database content to enrich the sequence representations
during the translation process. Smeop [17] revolutionizes the prevailing
top-down decoding approach, adopting a reverse bottom-up parsing
methodology to enhance the decoding process for Seq2seq models. In
neural bottom-up parsing, the search procedure yields learned repre-
sentations for the sub-trees within SQL queries, diverging from the
top-down approach, where hidden states denote partial trees lacking
precise semantics. RespsoL utilizes a ranking-enhanced encoder and
skeleton-aware decoder to separate the schema linking and the skeleton
parsing within the Seq2seq translation process. Given the remark-
able performance of large language models (LLMs) across diverse NLP
tasks, the second line of research has explored their utilization for
TableQA [21,61-64]. [61,62] methodically assess the NL2SQL pro-
ficiency of current LLMs and highlight that while LLMs as NL2SQL
models still have some gaps compared to fine-tuned translation mod-
els, they demonstrate robustness on new datasets. Recent research
efforts [21,63] have focused on enhancing LLMs’ prompts to improve
query generation. Furthermore, a recent investigation [64] leverages
the synergistic advantages of fine-tuned translation models and LLMs,
aiming to support zero-shot TableQA using a hybrid approach.

Our work closely aligns with the first line of research, but unlike
previous Seq2seq-based approaches that heavily rely on the naive se-
quential decoding paradigm, Ckir introduces a confidence-based method
to detect potential errors during decoding and then employs a generate-
then-rank approach to refine the decoding results.

Confidence Estimation. Confidence estimation has been a subject of
investigation within several NLP tasks, including statistical machine
translation [29,65,66] and semantic parsing [36]. A prevalent approach
to modeling uncertainty in neural networks involves introducing distri-
butions over the weights of network [67-69]. However, this often leads
to models with a higher parameter count, necessitating corresponding
adjustments in the training process, which can complicate their prac-
tical use. [70] establish a theoretical framework demonstrating that
using dropout in neural networks can be viewed as an approximation
of Bayesian inference in Gaussian processes.

In line with previous research, our work incorporates confidence
estimation methods to identify potential low-confidence outputs of
Seq2seq-based NL2SQL models, which effectively help improve their
sequential decoding process, resulting in a performance gain.

6. Conclusion

This paper introduced Ckrr, a practical confidence-based knowledge
integration framework for cross-domain TableQA. Cxir was initiated
by utilizing token-level confidence measurement to identify decoded
tokens with low confidence, which are considered potential errors. Ckir
then applied a three-stage generate-and-rank strategy for post-editing:
Firstly, Cxir masked out the low-confidence predicted tokens from the
output of an underlying Seq2seq model and generalized the masked-
out output to capture all possible queries based on the underlying
database schema. Secondly, Ckir employed a query translation model
to translate the generalized queries into corresponding NL expressions.
Finally, Ckir utilized a two-stage similarity ranking pipeline to learn
relevant patterns between the NL expressions and the input NL ques-
tion, enabling it to identify the nearest match and the query statement.
We experimented on the public benchmark, Spiper, with five existing
Seq2seq-based translation models. The results demonstrated consistent
enhancements in the performance of all baseline models when utilizing
Cxrr, demonstrating its effectiveness for better supporting TableQA
systems.
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