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Abstract. Web applications heavily depend on databases, yet the con-
ventional database interface often presents challenges for efficient data
utilization. It is imperative to address the considerable demand emanat-
ing from a vast array of end users seeking seamless input of their require-
ments and effortless retrieval of query results. Natural Language (NL)
Interfaces to Databases serve to make databases accessible to end users.
Mainstream approaches typically prioritize building language transla-
tion models for converting NL queries to SQL queries, while a novel
generate-and-rank approach is proposed to achieve this through a proce-
dure involving generation and ranking. Despite yielding superior trans-
lation results on the public benchmark, this generate-and-rank approach
encounters efficiency issues that may impede its practical application. In
this paper, we introduce GAR++, which extends the existing generate-
and-rank approach for a more efficient generation and robust ranking
procedure. Specifically, GAR++ utilizes the bloom filter to accelerate the
data generation process by reducing unnecessary function calls. Addi-
tionally, GAR++ provides a brand-new implementation of the ranking
module, specifically the re-ranking model, empowered with enhanced lan-
guage understanding ability. We evaluate the effectiveness of GAR++ on
three public benchmarks, namely GEO, SPIDER, and MT-TEQL. GAR++
achieved an overall accuracy of 66.6% on GEO, 80.6% on SPIDER, and
78.4% on MT-TEQL, respectively.

1 Introduction

Web applications are integral to our daily routines, providing a range of functions
such as social networking and e-commerce. Yet, their seamless functioning relies
heavily on databases for efficient storage, management, and access to data. The
introduction of Natural Language Interfaces to Databases (NLIDBs) represents
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an innovative strategy aimed at improving database accessibility for a diverse
array of non-technical users. Due to the continuous maturation of deep learning-
based translation techniques and the increasing language capabilities of large
language models (LLMs), some interfaces have emerged that convert natural
language (NL) queries into SQL queries (NL2SQL), providing an intuitive way
to explore the complex data stored in the database.

Existing NL2SQL interfaces primarily involve utilizing generalized sequence-
to-sequence models to fulfill the translation from NL to SQL queries. Recently,
a novel generate-and-rank framework, GAR [1], has been proposed and achieved
excellent translation results. In detail, GAR [1] assumes some sample queries
are provided and first generates a set of candidate SQL queries based on the
given samples. Then, a rule-based SQL2NL process is involved that translates
SQL into NL dialects. Finally, a two-stage learning-to-rank (LTR) procedure is
chosen to select the best SQL matching according to the semantic similarity
between NL queries and dialect counterparts.

Although GAR boasts remarkable translation accuracy, two key issues hinder
its practical application: First, the offline generation process for candidate SQL
queries can be time-consuming, taking several hours for some databases; Second,
the ranking process, particularly the second-stage re-ranking process, falls short
in effectively understanding the semantics of NL and SQL counterparts, leading
to numerous mismatched translation.

In this paper, we propose GAR++ to address the aforementioned issues with
GAR. In detail, GAR++ utilizes bloom filter to accelerate the generation process
of candidate SQL queries, significantly reducing the processing time by avoid-
ing unnecessary function calls. Furthermore, GAR++ also provides a brand-new
implementation of the re-ranking module based on the powerful pre-trained lan-
guage model, T5 [41], empowering this module with enhanced language compre-
hension capabilities.

To evaluate the effectiveness of GAR++, we conduct our experiments on
three public benchmarks, namely GEO [13|, SPIDER and MT-TEQL [11]. GAR++
attains an overall accuracy of 66.6% on GEO, 80.6% on the validation set of
SPIDER, and 78.4% on MT-TEQL, demonstrating its effectiveness contributed to
the generate-and-rank translation paradigm.

Contributions..We highlight our main contributions as follows:

— We introduce GAR++, which extends GAR [1] by enhancing its practicality
by addressing two primary efficiency issues - inefficient candidate query gen-
eration and ineffective ranking procedure.

— We utilize the bloom filter to accelerate the generation of candidate SQL
queries and avoid unnecessary function calls.

— We provide a brand-new implementation of the re-ranking module, empow-
ered with enhanced language understanding ability.

— We evaluate the performance of GAR++ on three public benchmarks and
improve the results of GAR.
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The remainder of this paper is organized as follows. We first introduce the
basic concepts, including the sample queries and the generate-and-rank approach
for the NL2SQL task in Sect.2. We then introduce the details of GAR++ in
Sect. 3. We report the experimental results in Sect.4. Finally, we discuss the
related works in Sect. 5 and conclude in Sect. 6.

2 Background

This section first describes sample queries as we rely on them to capture user
interests. Then, we re-cap the generate-and-rank approach of GAR [1].

2.1 Sample Queries

As previously stated, to ensure accurate NL2SQL translation when training data
is insufficient, particularly when addressing complex queries with multiple SQL
clauses, GAR++ initiates by utilizing a set of sample queries to augment the data.
This entails the need for sample SQL queries to depict user interactions with
the database and reflect the utilization of specific table structures within queries.
GAR++ then learns from these samples as a foundation, aiming to accurately
translate queries that share similar components with the provided examples.
Recent studies [14-16] have shed light on the necessity of sample queries
for databases, as they identified several generalization challenges in a zero-shot
cross-domain scenario (i.e., applying a trained model to an unseen database)
and advocated for few-shot learning in NL2SQL [12]. For instance, research cited
in [16] demonstrates a significant decline in the generalization performance of
existing models when domain-specific knowledge is needed for unseen domains.

2.2 Generate-and-Rank Approach for NL2SQL

In this paper, we extend the generate-and-rank approach, GAR, introduced in [1].
Here, we provide a short description of it. GAR has two stages. In the first stage,
GAR begins by generalizing the sample set to encompass all SQL queries with
similar components. Next, we translate both the sample queries and the general-
ized ones into natural language expressions (SQL2NL). While these expressions
are generally accurate, they may lack naturalness, so we refer to them as “dialect”
expressions. In the second stage, when presented with an NL query on a specific
database, GAR examines the set of dialect expressions generated during data
preparation. It then utilizes an LTR model to identify the most similar dialect
expression and, consequently, the SQL translation result.

3 GAR++

A high-level view of GAR++ (based on GAR) can be seen in Fig. 1. In this section,
we first describe the overall data generation process and the LTR procedure of
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Fig. 1. Overview of GAR++. (1) Generalization: GAR++ generates all possible SQL
candidates based on a given small set of sample queries using a hashing technique; (2)
SQL2NL: GAR++ synthesizes paired NL description for each generalized SQL query;
(3) Ranking: GAR++ utilizes language models to build a two-stage ranking pipeline to
determine the best-matching SQL query.

GAR++ in brief, and then discuss in detail the improvements introduced by
GAR++ on these processes, respectively.

In the data generation stage, given the sample SQL, GAR++ first recomposes
the query parse tree and generates the candidate SQL queries, then a standard
bloom filter is utilized to accelerate the verification procedure which involves a
hashing technique to avoiding repeated verification for the same parse tree. After
the SQL generation process, the same rule-based SQL2NL procedure with GAR
is chosen to translate candidate SQL to NL-like dialect.

In the LTR stage, GAR++ utilizes the same bert-based retrieval model to
get a relatively small collection of the potential best-matching SQL dialect from
a large candidate set. Then a robust T5h-based re-ranking network is proposed
in GAR++. The network incorporates a T5-like query encoder followed by a
pooling layer to compute the ranking score, showcasing an enhanced language
comprehension ability that stems from the pre-trained nature of T5. Then the
best-matching SQL dialect and SQL are chosen from the candidate set.

3.1 Generalization with Hashing

Given a set of sample SQL queries, the original query generalization process
is recursive (as presented in Algorithm 1). It first randomly selects two parse
trees from the given query parse trees. Secondly, we randomly choose a non-
terminal node type and select two sub-trees rooted with this node type from
the two chosen parse trees, respectively, and then recompose the two parse trees
by shuffling the two sub-trees. Thirdly, we perform the syntactic and semantic
checks of the newly recomposed parse trees to ensure their correctness. Finally,
we put those valid recomposed parse trees back into the original set and repeat
the above steps until no more new parse tree is generated.

We observe that the naive trial and error method used in Algorithm 1, which
involves recomposing to get candidate SQL queries and verifying their validation
to determine acceptance or rejection, yields poor time performance for the overall
generalization process. In this section, we first analyze the performance issue
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Algorithm 1: Compositional Generalization Algorithm

Inputs : Given a set of parse trees T’
Output: A new set of parse trees T'
Procedure GENErRALIZE-QUERIES(T):

if no new parse tree generated in the previous iteration then
| return T

t1,t2 «— random select two parse trees from the set T

nt « random select an nonterminal from t1 and t2

st1, sta «+— FIND-SUBTREES (nt, t1,t2)

// Shuffle the subtrees sti;, sty in tl, t2 to form two new trees

tlpew, t2new < RECOMPOSE-TREES (st1, sta, t1,t2)

// If tlpew (t25ew) does not satisfy the recomposition rules (see
the below section) or is not syntactically valid, do not add
into T

if VALIDATE-TREE (¢1,¢w) then «

| T=TUtlpew

if VALIDATE-TREE ({2,¢w) then «

| T=TUt2new

// Recursive call

GENERALIZE-QUERIES(T)

and then present an optimized version of the component-level generalization
algorithm to improve its performance.

In the base version of the generalization algorithm, an additional valida-
tion step (VALIDATE-TREE in Algorithm 1) is consistently required for a newly-
recomposed SQL query t,,¢,, before it can be added to the result set 7. Due to the
nature of the trial and error algorithm, this validation step may be repeatedly
invoked for the same recomposed SQL query. Furthermore, this repetition may
occur more frequently as more generalized SQL queries are generated. For exam-
ple, Fig. 2 shows the number of verification calls made during the generalization
process on a specific database, with a target generalization size of 10,000.

Taking into account the aforementioned performance issue, we propose
employing the standard bloom filter [40] to enhance the generalization process
in the following manner: For a given fixed generalized size k, we allocate a bit
vector consisting of my, bits and use n independent hash functions {h1, h2,...h,}
with the range of each h; being integer values between 0 and mj — 1. Initially,
all my bits in the vector are set to 0. To process each recomposed SQL query
tnew, we then apply n hash functions and utilize the resulting hashed values as
indices in the bit vector. If all bits indexed by h;(tnew) in the vector are 1 for
every i € {1,2,...n}, we skip the validation step and directly abandon the SQL
query; Otherwise, if any of the bits are 0, we then change those bits from 0 to
1, and proceed the validation step. In this way, duplicate recomposed results
during the generalization process can be effectively avoided.
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Fig. 2. Simulated generalization on a specific database (named ) in

the SPIDER benchmark.

3.2 Ranking with Better Language Model

Following GAR, GAR++ implements a two-stage ranking pipeline with two sepa-
rate models. In the first stage, a coarse-grained “retrieval model” reduces a large
set of potential best-matching dialect expressions to a smaller, more manageable
collection. In the second stage, a fine-grained “re-ranking model” is applied to
this smaller set to determine the final top-ranked dialect expressions.

Figure 3 presents the overall architectures of the two ranking models. More
specifically, the network for the retrieval model is based on the Siamese BERT-
network introduced in [23]|. This retrieval model modifies the pre-trained BERT
network [21] using Siamese and triplet network structures [22] to derive sentence
embeddings. On the other hand, the network of the re-ranking model uses the
encoder-only structure [45] derived from T5 architecture to output real numbers
(i.e., similarity scores) between the input NL-dialect query pairs.

Re-ranking Model Design. Despite the extensive exploration of BERT-based
pre-trained language models [20,46,47], which has led to substantial progress
in text ranking, there are still instances of unsatisfactory performance, espe-
cially when it comes to fine-grained ranking. Table 1 presents an example of the
ranking results produced by the BERT-based ranking model introduced in [20].
Mismatched sentences are usually partially irrelevant with phrases of inconsis-
tent semantics (the mismatched “less than”, “the abbreviation”, etc.).

We posit that the aforementioned issue predominantly stems from two
key factors: (1) Discrepancy in Optimization Objective. Most existing
approaches are fine-tuned not explicitly for ranking but models geared towards
text generation [49] or classification [48]. This divergence in focus might inad-
vertently hamper their optimization for ranking performance. (2) Constrained
Model Capacity. In light of the growing emergence of increasingly more pow-
erful language models such as T5 [41] and GPT-3 [51], which have showcased the
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Fig. 3. The architectures of the two ranking models. (a) The retrieval model is built
upon the dual-tower architecture, with one encoder used for NL query embedding and
the other for dialect embedding; (b) The re-ranking model uses a unified encoder based
on a pre-trained language model to encode both inputs.

Table 1. An example of an NL query, a group of mismatched dialects, and the corre-
sponding matched dialect. Text segments underscored indicate a mismatch.

NL Query |Which airlines have at least 10 flights? Similarity Score
Find the airline regarding to airlines with flights. Return results only for the
number of flights less than value for each airline of airlines. 0.82

Mismatched Find the number of flights, the airline regarding to airlines with flights. Return
Dialects results only for the number of flights less than value for each airline of airlines. 0.76

Find the airline, the abbreviation regarding to airlines with flights. Return
results only for the number of flights less than value for each airline of airlines. 0.71

Matched [Find the airline regarding to airlines with flights. Return results only for the
Dialect number of flights greater than value for each airline of airlines. 0.67

potential for larger and more capable models, the model capacity of BERT-based
counterparts could potentially become a limiting factor for text ranking.
Hence, we take inspiration from prior works [45,48] to craft the re-ranking
model rooted in the T'5 language model, subjecting it to fine-tuning for targeted
ranking purpose. Specifically, we use the encoder of T5 as the query encoder
to encode NL queries and dialect expressions jointly. We add a pooling layer
(e.g., mean pooling) to aggregate them into a unified embedding vector. This
vector is then fed into a dense layer, directly projecting it into the ranking score.
This model structure allows us to obtain ranking scores for each NL-dialect pair
effortlessly, enabling us to utilize a training approach akin to LTR models. We
can then perform fine-tuning using suitable ranking losses to refine the model.
Similar to the retrieval model, given an NL query ¢ and a set of dialect
expressions D = {dy,ds, - ,d,}, the inference objective of the re-ranking model
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is to get the ranked dialect expression set D' = {dy,dy, -~ ,d,} with their
corresponding relevant scores S = {31, 32, e ,sn}.

Training Data. The training data of the re-ranking model is defined as a set
of triples {(g:,d;, s;)}¥;, where ¢; is an NL query, d; is a dialect expression and
s; is the corresponding similarity score between d; and g;.

As we use the listwise approach [39] to train the re-ranking model, we further
group the training triples by each NL query ¢;. Therefore, we finally obtain a set
of triples {(g;, D;, S; )}j 1, where g; is an NL query, D; = {d;1,d;2, -+ ,djn} is
the list of dialect expressions with respect to ¢;, and S; = {s;1,s;2,- -+ ,sjn} are
the corresponding similarity scores of D).

4 Experimental Evaluation

This section evaluates GAR++ using the three existing NLIDB benchmarks. We
use the normalization script provided by the SPIDER benchmark to do the query
normalization and then evaluate the translation accuracy results on the valida-
tion set of SPIDER and the test sets of GEO and MT-TEQL, respectively.

4.1 Experimental Setup

Benchmarks. We use three benchmarks to evaluate GAR++: GEO, SPIDER and
MT-TEQL. Table 2 shows the statistics about the three benchmarks.

Table 2. The statistics of NLIDB benchmarks

BenchmarkData Set Databases  |Average Tables Total QueriesNested  |Having Compound
per Database Queries

GEO Train/Dev/Test/the same one|the same one 585/47/280 1188/19/980,/0/0

SPIDER Train/Dev 146,/20 4.1/4.17 8659/1034  1249/155 526,78

MT-TEQL Dev/Test 20/63,464  |4.17/4.34 1034/62,430 |155/9949 |78/4588

GEO is a dataset that consists of NL queries concerning geographical data,
specifically a relational database featuring a single table focused on the United
States. The “gold” SQL queries are provided in [24]. All three sets - train, vali-
dation, and test - are based on the same database table.

SPIDER is a large-scale benchmark for complex and cross-domain NL2SQL
tasks. The benchmark splits SQL queries into four types: Fasy, Medium, Hard,
and FExtra Hard, based on their hardness level. Unlike other existing NLIDB
benchmarks, SPIDER uses different databases in train and validation data sets.
That is, a database schema is used exclusively for either training or validation,
but not both. As the test set is concealed within an evaluation server, our exper-
iments focus on the validation set instead.
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MT-TEQL is a framework that uses metamorphic testing to perform semantics-
preserving transformations on utterances and schemas. MT-TEQL starts from
the SPIDER validation set and automatically generates a test set of a total of
62,430 transformed testing samples. In our experiment, we randomly sampled
10,000 testing queries as the test set.

Training Settings. The following illustrates the implementation details of the
ranking models used in our experiments:

Retrieval Model. The embedding layer is initialized with stsb-mpnet-base-v2
pre-trained model. We use the Adam [25] optimizer with a learning rate of 2e-5
and warm-up over the first 10% of total steps to fine-tune the model.

Re-ranking Model is initialized T'5 with the Large scale. We employ the Adam
optimizer with a learning rate of 5e-5 and leverage DeepSpeed! while enabling
ZeRO-3 [52] optimization for distributed training across two GPUs.

To accelerate the training phase (and the inference phase), we only leverage
the trained retrieval model to encode both the NL queries and the large set of
dialect expressions to get the corresponding sentence embeddings. We then use
the Faiss library [27] for efficient similarity search to get the closest subset of
dialect expressions for each given NL query.

To better support the listwise learning paradigm, we further group the train-
ing triples by NL query. We set the threshold £ to 100 to obtain a list of 100
dialects for each NL query and set the batch size to 2. We use the listwise algo-
rithm NeuraNDCG [28] to train the model.

Inference Settings. We use the same threshold (i.e., k = 100) as in the training
phase to get a subset from a large dialect expression collection for the retrieval
model and then pass it along to the re-ranking model for the final inference.

Sample Queries. Since GEO and SPIDER benchmarks only provide test queries
for their databases, we adopt the following setting to evaluate GAR++. We first
use the SQL queries of the SPIDER validation set and the GEO test set to generate
generalized query sets. Then, we excluded all the ground truth queries from the
generalized query sets and used the sets as sample queries. For MT-TEQL and
QBEN, we use the SPIDER validation set and the sample query set as sample
queries and then evaluate on the test set.

For each database of the benchmarks, we randomly chose 20,000 generalized
SQL queries from the large sets resulting from the data preparation process and
then made the inference. We run the data preparation process five times for each
database and report the average results.

Value Post-processing. As GAR++ masks out the specific values during the
generalization process and does not use the cell values of the databases for the
translation process, after getting the top-ranked results, we examine the dialect
expressions in the result set: If a value (e.g., “Spain”) appeared in the given

! https://www.deepspeed.ai.
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NL query, it strongly indicates that a particular column (e.g., “country name”)
should be mentioned in the dialect expression. Otherwise, the result set will drop
those dialect expressions that do not include the column name.

We also use this post-processing step to specify values for the translation
results of GAR++ for the purpose of evaluating on ezecution accuracy metric
described below.

Evaluation Metrics. Here are the metrics we use to assess model performance:

Translation Accuracy. If the top-ranked SQL query exactly matches the “gold”
SQL, then the translation is deemed accurate. It is a performance lower bound
since semantically correct SQL can vary syntactically. This metric aligns with
the Exact Match Accuracy metric suggested by SPIDER.

Execution Accuracy evaluates if the result matches the ground truth by exe-
cuting the generated SQL query against the underlying database. This metric
aligns with the Erecution Match Accuracy metric introduced in SPIDER.

Translation Precision at K (denoted Precision@K), where K is a positive
integer, represents the number of NL queries where an NLIDB system has the
“gold” SQL queries among the top-K translation results, divided by the total
number of NL queries. We specifically select K to 1, 3, and 10.

Translation MRR (Mean Reciprocal Rank) is a statistical measure [29]
used to evaluate a ranked list of SQL queries. The metric is defined as follows,

1L 1
M -
RE N;Tankzi

where N denotes the number of given NL queries, rank; refers to the rank
position of the “gold” SQL query for the i*» NL query. Thus, the closer the value
of MRR is to 1, the more effective the translation ranking scheme is.

4.2 SPIDER&GEO Results

We compare GAR++ with five state-of-the-art machine learning-based models
(including GAR), GAP, SMBOP, RAT-SQL [5] and BRIDGE [6]. Figure 4 shows the
overall accuracy of GAR++ compared to the five models on the two existing
benchmarks.

The results of the six methods on the GEO benchmark are almost on par,
all at around 70.0%, which is not as good as those earlier rule-based NLIDB
systems. The main reason is that machine learning-based models may not get
sufficiently trained since the GEO benchmark only has one database, and its
number of training queries is small.

An outstanding achievement of GAR++ is its translation accuracy of 80.6%
on the SPIDER validation set, marking a notable improvement of 2.1% points
from 78.5% in GAR.
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Fig. 4. Translation accuracy on the validation/test sets of the benchmarks.

Next, we conduct additional experiments to better understand GAR++.
Table 3 provides a breakdown of the translation accuracy and the execution
accuracy on the SPIDER validation set. Unsurprisingly, the performance of all
the models drops with increasing difficulty. However, the performance of GAR++
is much more stable over the four categories. In particular, GAR++ attains 53.0%
accuracy in the “Extra Hard” category (166 out of 1034 queries), which surpasses
GAR by 1.2% absolute improvement, while observes a slight performance drop
of 1.1% in the “Hard” category.

Table 3. Breakdown results on the SPIDER validation set

Model |Easy [Medium|Hard |[Extra Overall Ezec.
GAR++ /0.940/0.845 |0.776 /0.530/0.806 |0.731
GAR 0.907 0.816 |0.787|/0.518 |0.785 |0.726
SmBoP [0.890 0.791  |0.644 ||0.470 |0.737 |0.752
BrIDGE [0.911 |0.733  |0.540 {|0.392 |0.687 |0.680
GAP 0.915 |0.742  |0.644 |/0.494 |0.727 |0.349
RaAT-sqQL|0.851 0.735 |0.580 |/0.476 {0.694 |0.341

We also present the results on the Spider validation set in terms of different
SQL clause types in Table4. Overall, the performance of GAR++ is better over
different SQL clauses compared with the other four models. Notably, GAR++
is better at handling SQL queries with grouping and ordering, which achieves
76.0% and 79.2% accuracy, respectively.
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Table 4. Translation accuracy on SPIDER by SQL clause types

Model |Nested/Negation ORDERBY|GROUPBY|Others
GAR++ [0.660 |0.811 |0.792 0.760 0.853
GAR 0.698 0.811 0.745 0.679 0.853
Gap 0.472 ]0.600 0.710 0.679 0.825
SmBop [0.509 [0.611 0.732 0.705 0.819
RaT-s5QL|0.453 |0.558 0.688 0.649 0.784
BRIDGE [0.528 |0.589 0.636 0.568 0.793

Next, we study the effectiveness of the final ranking of GAR++. Note that in
order to calculate the MRR values, we treat the reciprocal rank as 0 if the “gold”
dialect expression is not returned in the final top-10 ranked results. Table 5 shows
that in most cases, GAR++ can correctly select the closest dialect expression (and
hence the SQL query) in the first few returned results.

Table 5. Precision and MRR values of GAR++

Dataset MRR Precision@1|Precision@3|Precision@10
SPIDER |0.824|0.806 0.843 0.854
GEO  |0.680/0.666 0.682 0.687

Performance Evaluation. To assess the efficiency of GAR++, we conduct two
additional experiments for performance evaluation. We first evaluate the gener-
alization performance before and after implementing the optimization discussed
in Sect. 3, and then compare the processing time with that of the other four mod-
els. Note that since the data preparation process of GAR++ can be done entirely
offline, we make the comparison in an online setting. That is, we assume that all
the trained neural network models in all the methods have already been loaded
into the memory, and in particular, the generalized queries for the underlying
database in GAR++ have been generated offline.

Table 6 presents the generalization performance results of GAR++. As can be
seen, the average validation calls can be effectively reduced after the optimiza-
tion introduced in Sect. 3, resulting in the performance upgrade over the overall
generalization time cost.

4.3 MT-TEQL Results

Table 7 presents the results experimented on MT-TEQL?. With enhanced with
T5, GAR++ achieves 80.4% translation accuracy on the unknown test set by

2 Since MT-TEQL does not publish the test databases, we cannot evaluate the RAT-sQL
and GAP models as they rely on the database content for the schema linking.
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Table 6. The generalization performance on the SPIDER validation set comprises an
average database size of four tables and includes 23 sample queries.

Average Average

Validation Calls (k) Generalization Time (s)
Base Version (GAR) 656 537
Optimized Version (GAR++)(19 394

Table 7. Translation Results on a randomly selected test query sub-set (including
10,000 queries) of the MT-TEQL benchmark

Model Overall| Ezec.
GAR++ (w/ SPIDER validation set)0.804 |0.701
GAR (w/ SPIDER validation set) [0.784 |0.693
SMmBOP 0.726 ]0.705
BRIDGE 0.648 |0.626

utilizing the SPIDER validation set as the sample queries, which attains a 2.1%
improvement over GAR and outperforms the other two baseline models.

4.4 Ablation Study

We conduct an ablation study for both the dialect builder and second-stage re-
ranking model® to verify the effectiveness of these designs. As shown in Table 8,
the performance of the first-stage retrieval model drops sharply without using
the dialects, while the re-ranking model retains a good performance result in the
setting. Furthermore, it is evident that the performance of GAR++ experiences a
notable drop when the re-ranking model is not employed, highlighting its crucial
role in our approach.

Table 8. The ablation study on SPIDER validation set. The “w/o Dialect Builder”
denotes learning the two ranking models using SQL queries directly.

Model Retrieval Model Re-ranking Model Overall
Miss Count Miss Count

Base Model (GAR++)|33 88 0.806

w/o Dialect Builder |578 60 0.330

w/o Re-ranking Model|527 N/A 0.435

3 Since GAR++ leverages the retrieval model to filter extensive “irrelevant” queries,
relying only on the re-ranking model requires a prohibitive computing cost. There-
fore, we exclude the retrieval model from the ablation study.
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5 Related Work

Natural Language Interfaces to Databases (NLIDBs). NLIDBs have been
studied for several decades in database management and NLP communities.
With the recent success of neural machine translation, many machine learning-
based approaches [3-10,30,50] have been proposed to build NLIDB systems,
which treat the NL2SQL problem as a translation task and employ the encoder-
decoder architecture to tackle the problem. More recently, with the outstanding
performance of large language models (LLMs) in many NLP tasks, researchers
have begun applying LLMs to the NL2SQL task using various techniques, such as
in-context learning [54,55], pre-training [42,57], bootstrapping framework [53],
and multi-agents [56].

Natural Language Translation. Various ideas have been proposed to address
the SQL2NL problem [17,18,31-33,37]. [31,32] discuss the usefulness of trans-
lating SQL queries into corresponding NL perspectives. Earlier attempts [43,44]
explicitly study the problem of translating small databases under certain con-
straints. [33] employs an iterative training procedure by recursively augmenting
the training set.

Learning-to-Rank. The framework of LTR has been successfully applied in
multiple areas, such as question answering [34], recommendation [35], and doc-
ument retrieval [36]. With the recent advances in pre-training for text, many
recent works in this field have been proposed [19,20,38] by utilizing the pre-
trained language models [21,53].

6 Conclusion

This paper introduced GAR++, an extension of the previous generate-and-rank
approach GAR, to address the NL2SQL problem. GAR++ advances by learning
from sample queries to efficiently generate a large set of SQLs paired with cor-
responding dialect expressions with hashing structures and by employing more
potent ranking models to identify optimal matches. Experimental results on pub-
lic benchmarks demonstrated that GAR++ can further improve the translation
performance of GAR and offers a more efficient generate-and-rank solution for
the NL2SQL problem.

Acknowledgements. The authors would like to thank all the anonymous reviewers
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