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Abstract

Writing effective SQL queries remains a major obstacle for non-expert users who

need to explore and analyze data. While recent advances in deep learning have

enabled limited forms of SQL query recommendation, existing systems typically

focus on predicting partial query structures or rely on schema-specific features. In

this thesis, we present a retrieval-augmented generation (RAG) framework for rec-

ommending full SQL queries based solely on previous user queries in a session. At

the core of our approach is a transition-aware dual encoder trained to retrieve the

most likely next query template by capturing both semantic similarity and struc-

tural transitions across queries. This retrieval is followed by a language model that

generates the full SQL query, conditioned on the retrieved template, recent query

history. Our method requires no access to the database schema and adapts natu-

rally to evolving workloads. Compared to traditional rule-based or collaborative

recommendation systems, it offers a more flexible and interpretable solution that

models user behavior over time. Empirical results show that our system produces

contextually relevant queries, improving usability for users with limited SQL ex-

perience.
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Lay Summary

Writing SQL queries to retrieve data from databases can be difficult for users with-

out technical training. This thesis presents a system that helps users compose com-

plete and accurate SQL queries by learning from how others have written queries

in the past. It uses a two-step approach: first, it finds examples of similar queries

from previous sessions. Then, it generates a new query based on those examples

and the user’s recent actions. Unlike traditional tools that rely on fixed templates

or database-specific rules, this system adapts to changing user needs and does not

require knowledge of the database structure. The result is a more flexible and

user-friendly way to support data exploration, especially for non-expert users. Ex-

periments show that the system produces relevant queries, helping users find the

information they need more effectively.
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Preface

This thesis is original, unpublished, independent work by the author, Ehsan Soltan

Aghai.

Throughout my thesis writing, and with the approval of my supervisor, I uti-

lized Grammarly to offer suggestions for grammar, style, and coherence. Addi-

tionally, I utilized ChatGPT as a tool to help me clarify generic complex concepts.

While the GenAI tools served as a valuable supplementary resource, all final in-

terpretations, conclusions, and analyses remain my own, ensuring that the work

reflects my original thought process and academic integrity.

Furthermore, GenAI was also employed as part of the methodology to gen-

erate full SQL queries within a retrieval-augmented generation framework. This

technical use of GenAI is fully documented and discussed in Chapter 5 of the the-

sis. I decided to use OpenAI, as a leading GenAI service provider, to support this

GenAI-based experimental analysis, which is further detailed in Chapter 6 .
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Chapter 1

Introduction

In today’s data-driven world, the volume of information generated is immense.

This surge has led to an increasing number of users who, while not database ex-

perts, need to interact with databases to extract meaningful insights. Structured

Query Language (SQL) remains the standard tool for such interactions, offering

powerful capabilities to query and manipulate data. However, crafting effective

SQL queries is no simple task. It demands a solid grasp of the application domain,

an understanding of the underlying database schema, and proficiency in SQL syn-

tax and concepts. Many users, especially those without formal training in database

management, find themselves struggling to retrieve and analyze data efficiently.

Consider a marketing analyst aiming to segment customers based on recent

purchasing behaviors. They might start with a basic SQL query to view all sales:

SELECT * FROM sales

Realizing the need for more specificity, they might refine their SQL query to

focus on recent transactions:

SELECT * FROM sales WHERE purchaseDate >= ’2025-01-01’

Further, they might decide to aggregate the data to see total sales per region:

SELECT region, SUM(amount) FROM sales WHERE

purchaseDate >= ’2025-01-01’ GROUP BY region}
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This step-by-step process highlights the challenges users face. Each step re-

quires not only knowledge of SQL syntax but also an understanding of how to

translate analytical needs into precise SQL queries. Mistakes can lead to SQL

queries that are either incorrect or produce misleading results.

Traditional SQL query recommendation systems have typically relied on rule-

based techniques or predefined templates. While straightforward to implement,

such methods often struggle to adapt to the diversity of real-world workloads and

the evolving needs of users [6, 12]. They also lack the flexibility to model nuanced

transitions or personalize recommendations based on a user’s session history.

Recent work has begun exploring the use of deep learning in SQL query rec-

ommendation. For example, Lai et al. [21] propose a workload-aware method that

leverages deep learning to predict query templates and query fragments. However,

their system does not generate full SQL queries and instead treats the problem as

a two-step classification task. Overall, the application of deep learning to this do-

main remains limited, with most models focusing on either partial prediction or

relying heavily on schema-specific features.

At the same time, large language models and retrieval-augmented generation

(RAG) [24] have shown promising results in other areas. Despite their success,

these techniques have not been thoroughly explored for SQL query recommenda-

tion. In particular, no existing work has yet demonstrated how RAG can be used

to generate full SQL queries based purely on a user’s session SQL query history,

without access to the underlying database schema.

To address this gap, we propose a RAG-based system that generates the next

SQL query by first retrieving a likely SQL query structure based on previous user

SQL queries and then generating the full SQL query using a language model con-

ditioned on that structure and recent context. This hybrid approach balances preci-

sion and flexibility, offering high-quality predictions without sacrificing efficiency.

Contributions. This thesis presents a new approach to SQL query recommen-

dation based on recent user SQL query history, using a RAG framework. The

method is divided into two stages: first, a transition-aware dual encoder is used to

retrieve the most likely next SQL query template from a vector database built on

past query templates. Second, a large language model generates the full SQL query

by conditioning on the retrieved template, recent queries, and predicted semantic

2



transitions. One key contribution of this work is the integration of semantic transi-

tions, such as adding filters into both training and inference. These transitions help

the system better model how users evolve their queries over time. Compared to

previous work, this method provides a more structured, interpretable, and semanti-

cally guided approach to recommend complete SQL queries.

Thesis Outline. The rest of this thesis is organized as follows:

• Chapter 2 formally defines the SQL query recommendation problem ad-

dressed in this thesis.

• Chapter 3 introduces the background concepts that support the rest of the

thesis.

• Chapter 4 reviews related work on SQL query recommendation, natural lan-

guage query suggestion, and text-to-SQL systems, with an emphasis on tech-

niques that motivate or relate to our approach.

• Chapter 5 presents the overall approach developed in this thesis.

• Chapter 6 describes the experiments and the evaluation setup, along with a

discussion of the results.

• Chapter 7 concludes the thesis and outlines possible directions for future

work.

3



Chapter 2

Problem Formulation

We consider the task of recommending the next SQL query in a user session

based on the most recent queries previously issued by the same user. Let Q(u) =

{Q(u)
1 ,Q(u)

2 , . . . ,Q(u)
n } denote the sequence of n SQL queries written during session

u, where each Q(u)
i is a structured SQL statement representing a step in the user’s

analytical process.

While sessions may vary in length, we focus on the subset of this problem

where only the two most recent queries, Q(u)
i−1 and Q(u)

i , are used as input. This

restriction is motivated by both computational efficiency and the observation that

recent queries carry the strongest signal for predicting a user’s next SQL query [8,

21]. Given this pair, our objective is to generate the most likely next query Q(u)
i+1,

representing a natural continuation of the user’s session.

Formally, we aim to learn a function:

Φ :
(

Q(u)
i−1,Q

(u)
i

)
7→ Q̂(u)

i+1,

where Q̂(u)
i+1 is the predicted next query generated by the system.

In addition to this input query pair, we assume access to a historical query

workload:

W = {Q(1),Q(2), . . . ,Q(M)},

where each Q( j) is a previously recorded query session. This workload is used

only during training to learn patterns of user behavior and inform retrieval and
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generation components. At inference time, the model operates solely on the two

most recent queries without accessing the broader workload.

We do not assume access to database schemas, table definitions, or user meta-

data. This design choice supports generalization across heterogeneous databases

and deployment in schema-agnostic environments. Queries are represented as raw

SQL strings.

This problem formulation enables a general-purpose SQL recommendation

system that leverages session-level query dynamics. Our approach is presented

in Chapter 5.
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Chapter 3

Preliminary

This chapter introduces the core machine learning concepts needed to understand

the methods used in this thesis for SQL query recommendation. Since our target

audience may not have a background in machine learning, we provide intuitive

explanations alongside technical details.

We begin with foundational sequence models like Recurrent Neural Networks

(RNNs), followed by more recent architectures such as Transformers and encoder-

decoder models. These models form the basis of large language models (LLMs),

which are then adapted to new tasks using fine-tuning, prompt tuning, or Retrieval-

Augmented Generation (RAG). In Chapter 4, we discuss how these models and

adaptation strategies are used in the literature.

3.1 Sequence Models for Query Understanding
SQL sessions can be seen as sequences of queries, each query building on the

previous. Therefore, we start by discussing how machine learning models handle

sequential data.

3.1.1 Recurrent Neural Networks (RNNs)

RNNs [19, 38] are designed to process input sequences, one step at a time, while

remembering information about earlier steps. For example, if a user issues a series

of queries, an RNN can potentially “remember” the earlier ones while analyzing

6



the current one.

Given a sequence of inputs x1,x2, . . . ,xT , the RNN maintains a hidden state ht

that gets updated at each step:

ht = tanh(Wxhxt +Whhht−1 +bh), (3.1)

where Wxh (Weight matrix between the input and hidden layer), Whh (Weight ma-

trix for the recurrent connection), and bh (bias vector) are learnable parameters,

and tanh is a nonlinear function that squashes values to a fixed range. Figure 3.1

shows the architecture of a basic RNN, where each hidden state passes information

through the sequence.

The model uses yt = tanh(Whyht +by) to make predictions which is the output

(e.g. the next token in a query).

Figure 3.1: RNN Model Architecture [29].

Although RNNs are intuitive, they struggle to retain information across long

sequences, which limits their usefulness in tasks involving longer query histories.

7



3.1.2 Long Short-Term Memory (LSTM)

LSTM networks [16] address the memory limitations of RNNs by introducing a

memory cell and gating mechanisms that control how information is added or for-

gotten:

• Forget gate: Removes irrelevant information.

• Input gate: Accepts new information.

• Output gate: Decides what to pass forward.

Figure 3.2: LSTM Model Architecture [28, 29]

The internal structure of an LSTM, including its memory cell and gating mech-

anisms, is illustrated in Figure 3.2. This architecture allows LSTMs to remember

dependencies over longer spans, which is useful in multi-step analytical sessions.

3.2 Transformer Architecture
Transformers [41] represent a significant shift from RNN-based models. Instead

of processing inputs one-by-one, transformers handle the entire sequence simulta-

neously using a mechanism called self-attention.

The main idea behind self-attention is to allow the model to weigh the impor-

tance of different parts of the input when producing an output. This is especially

8



useful when parts of a SQL query, or a session, depend on each other in non-

sequential ways.

Attention(Q,K,V ) = softmax
(

QKT
√

dk

)
V, (3.2)

where Q, K, and V represent the input tokens transformed into matrices, and dk is

a scaling factor.

Transformers have become the backbone of most modern language models due

to their ability to capture long range dependencies and scale efficiently.

3.3 Encoder-Decoder Models for Sequence Prediction
The encoder-decoder architecture is a flexible structure that is often used for tasks

such as translation and summarization. The encoder reads the input sequence

(e.g. the previous SQL query) and produces a fixed-length representation that cap-

tures its meaning. The decoder then uses this representation to generate the output

sequence (e.g. the next query), one token at a time.

The overall probability of generating a sequence y1, ...,yT from the input x1, ...,xN

is given by:

P(y1, ...,yT | x1, ...,xN) =
T

∏
t=1

P(yt | y1:t−1,x1:N). (3.3)

This formulation enables the model to condition each generated token on both

the input and the previously generated output. The encoder-decoder architecture

forms the basis of several models discussed in the sections. This architecture is

used in many models that we will describe next.

3.4 Large Language Models (LLMs)
LLMs [49] are deep neural networks trained on massive datasets to understand

and generate human-like language. They serve as the foundation of modern AI

systems like ChatGPT [32], and they can also be applied to structured tasks such

as generating SQL queries.

LLMs typically fall into one of three categories, based on how they process and

9



generate text:

• Encoder-only models (e.g. BERT [9]) are designed to read and understand

input text. They are useful for tasks like classification where the model needs

to extract meaning from the input but not generate output text.

• Decoder-only models (e.g. GPT [5, 36]) generate output text by predicting

one token at a time, based on the previous tokens. Even though they lack

a separate encoder, they implicitly ”encode” context from previously gener-

ated tokens and use that to decode the next one. This behavior makes them

well-suited for language generation tasks, such as dialogue, story writing, or

SQL query generation.

• Encoder-decoder models (e.g. BART [23]) first encode the entire input

sequence into a contextual representation, and then decode from this repre-

sentation to produce the output. This architecture is ideal for tasks where the

output depends on understanding the full input, such as translation, summa-

rization, or SQL query prediction from previous queries.

These distinctions are important because different types of LLMs are better

suited for different tasks.

3.4.1 BERT

BERT [9] is trained to predict missing words in a sentence, making it useful for

understanding the structure and meaning of queries.

3.4.2 BART

BART [23] combines the BERT encoder with a GPT-style decoder. It is trained to

recover corrupted input, making it suitable for tasks such as generating SQL from

incomplete or modified inputs.

3.4.3 MiniLM

MiniLM [44] is a compact version of BERT, trained to retain performance while

running faster, useful when resources are limited.

10



3.4.4 GPT

The GPT models [5, 36] are trained to predict the next word in a sequence. GPT-3

introduced few-shot learning, where it can perform new tasks by showing only a

few examples at inference time.

3.5 Model Adaptation Techniques

3.5.1 Fine-Tuning

Fine-tuning [10] is a method used to adapt a large pre-trained model to a new,

more specific task. The model is first trained on a general dataset, and then it is

retrained on a smaller, task-specific dataset. This second round of training, on the

new dataset, is what we refer to as fine-tuning.

During fine-tuning, all of the model’s internal weights are updated so that it

can better perform the target task. For instance, if we start with a pre-trained BERT

model and fine-tune it on a classification task, the model learns to adjust its internal

representations to improve its classification accuracy.

Fine-tuning works well when the new dataset is similar to the pre-training data,

and it often leads to high performance with relatively little task-specific data.

3.5.2 Few-Shot Learning

Few-shot learning [5] is a way to use large pre-trained language models without

any additional training. Instead of updating the model’s parameters (as in fine-

tuning), we simply provide a few examples of the desired task directly in the input

prompt at inference time. This allows the model to generalize and perform the task

based on these in-context examples.

For instance, if we want the model to complete a SQL query, we can provide

a few pairs of input-output queries as part of the prompt, followed by a new input

query. The model then uses the pattern in the examples to generate the correspond-

ing output.

This method contrasts with fine-tuning, which requires retraining the model,

and prompt tuning, which requires learning prompt embeddings. Few-shot learning

is highly efficient and especially useful when:

11



• The model is very large and expensive to retrain.

• There is limited labeled data for the new task.

• Flexibility is needed to try different tasks quickly.

Few-shot learning became widely popular with GPT-3 [5], which demonstrated

strong performance on a wide range of tasks using only a handful of examples at

inference time.

3.5.3 Retrieval-Augmented Generation (RAG)

RAG [24] combines retrieval and generation into a single system. This approach is

especially useful for our problem because SQL queries often follow patterns, and

being able to reference similar past examples can guide better predictions.

• The retriever looks through a large collection of previous queries and selects

the ones that are most similar to the current query context.

• The generator then uses both the current input and the retrieved examples

to generate the next query.

Figure 3.3: A general (hypothetical) Retrieval-Augmented Generation
(RAG) framework for SQL query recommendation.

12



As shown in Figure 3.3, the retrieval step gives the system access to information

beyond what it has memorized during training. This acts like a dynamic memory.

Rather than relying entirely on fixed model weights, the system can ”look up”

helpful examples at runtime. These examples provide useful patterns that guide

the generator toward a more accurate and context-aware prediction.

RAG is particularly helpful when training data is limited. By grounding the

generation process in relevant examples, RAG improves both fluency and accuracy,

making it the most effective solution explored in this thesis.

3.6 Summary
This chapter introduced the machine learning concepts necessary to understand the

rest of the thesis. We covered:

• Sequence models (RNNs, LSTMs, Transformers)

• Architectures (encoder, decoder, encoder-decoder)

• Large language models (BERT, BART, GPT, MiniLM)

• Adaptation techniques (fine-tuning, few-shot learning, RAG)

These concepts provide the foundation for the SQL query recommendation

techniques presented in the next chapters.

13



Chapter 4

Related Work

Two different strategies have emerged to tackle the problem in the context of SQL

recommendation based on previous queries. The first method involves recommend-

ing the next SQL query based on the user’s prior history of written SQL queries.

This straightforward method relies on the explicit patterns in the user’s SQL query

history to provide relevant suggestions.

However, an alternative and more recent approach has arisen with the advance-

ments in large language models and general artificial intelligence. This method en-

ables users to express their queries in natural language, and the system responds by

recommending the subsequent query also in natural language. This user-friendly

approach aims to bridge the gap between users and the system, making the query

formulation process more intuitive and accessible. Nevertheless, it is important to

note that this alternative approach involves an additional component responsible for

translating the natural language queries into their corresponding SQL counterparts.

This translation step is crucial to ensure seamless communication between the user

and the underlying SQL-based system, allowing for accurate query execution and

retrieval of desired results.

In this section, we first describe various natural language query recommen-

dation problems and identify those that are related to the SQL recommendation

problem. Additionally, we discuss natural language recommendation techniques

based on their approaches and review recent works relevant to our methodology.

Next, we explore a variety of techniques specifically employed in addressing the

14



SQL recommendation problem. Finally, we examine state-of-the-art techniques in

text-to-SQL problems and identify approaches that can be transferred to the SQL

recommendation problem.

4.1 Natural Language Query Recommendation

4.1.1 Problem

Natural Language (NL) query recommendation is the task of recommending the

next NL query based on the user’s prior history of written NL queries. We can

categorize works on NL query recommendations based on either the problem they

address or the technique they employ. There exist three distinct problems in the

literature on natural language query recommendation:

• NL Query Auto-Completion [1, 34] is the process of suggesting a full NL

query for the partial NL queries as the user types in real-time. The goal

of NL query auto-completion is to help users save time and improve their

search experience by predicting their intended NL query and preventing typ-

ing errors.

• NL Query Suggestion [8, 30, 31, 50] is the process of presenting users with

a set of recommended NL queries based on the user’s past NL queries. The

goal of NL query suggestions is to provide users with relevant suggestions.

• NL Query Reformulation [18, 43] is the process of modifying a user’s

initial NL query in order to match the user’s information needs better and

improve the effectiveness of search results. The goal of NL query reformu-

lation is to help users overcome search barriers, such as ambiguity or lack of

precision, and provide them with more relevant and accurate search results.

According to the above definitions, NL query auto-completion is not relevant to our

problem. Thus, we will focus on NL query reformulation and, particularly, on NL

query suggestion. NL Query reformulation involves recommending an alternative

representation of the current NL query to achieve better search results. In contrast,

NL query suggestion is applicable in a broader range of use cases, where the next
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NL query recommendation can be either closely similar to the current NL query or

related to the context of past NL queries within the session.

4.1.2 Approach

Building on this understanding of NL query reformulation and suggestion, we now

proceed to categorize NL query recommendation techniques according to their ap-

proach, exploring how each method supports the varied needs of query enhance-

ment as following:

• Interestingness-based systems assess the interestingness of meaningful and

actionable information that is produced by different information discovery

methods. The measure can be objective (e.g. information gain) or subjec-

tive (e.g. Unforeseen values that are unexpected for the users) and most of

the classic techniques are based on similarity measures (e.g. collaborative

filtering) for NL query recommendation [45].

• Data-driven systems can be well adapted to the user preference and gener-

ate personalized NL query recommendations based on prior in-context NL

queries [35, 37]. Since the computing power has increased widely, deep

learning approaches outperform classic information retrieval techniques ex-

tensively. Therefore, we look for state-of-the-art deep learning-based meth-

ods to transfer cutting-edge knowledge from NL to SQL query recommen-

dation.

Interestingness-based methods are not our focus in this section, as we require

more data-intensive techniques to adequately incorporate the various preferences

of different users and effectively utilize previous in-context NL queries. Therefore,

we will direct our focus to data-driven techniques in the next subsection.

4.1.3 Data-driven Techniques Review

In this subsection, we review notable data-driven techniques in natural language

query recommendation, focusing on those with novel contributions. While many

studies in this area use similar methods with minor model adjustments, the tech-

niques highlighted here introduce significant advancements relevant to our method-
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ology. These selections help us understand how innovative approaches can enhance

the accuracy and relevance of SQL query recommendations, reflecting the latest

pivotal research in the field.

Conversational Query Understanding Using Sequence to Sequence
Modeling [37]

To enable chatbots and digital assistants to understand conversations effectively, it

is crucial to go beyond the capabilities of conventional search engines, which excel

in responding to open domain queries but are limited to stateless search. In this

paper, the authors address the concept of conversational queries, which rely on the

ongoing conversation context. They propose a solution called context-aware query

reformulation, aiming to fulfill the user’s information needs within the conversation

by understanding and incorporating the relevant context.

The context-aware query reformulation task takes conversation history (previ-

ous queries and answers) and the current query as inputs. The desired output is

a reformulated query that integrates contextually relevant information, extending

beyond the content of the current query. The authors focus on utilizing only the pre-

vious query from the conversation history for this problem. Thus, they formulate

the problem as a sequence-to-sequence task, where the objective is to learn how to

generate target sequences based on source sequences using a set of source-target

sequence pairs.

Furthermore, the research incorporates attention techniques to enhance the per-

formance of the sequence-to-sequence model. The attention mechanism helps the

model focus on relevant parts of the source sequence during decoding, improving

the quality of the generated target sequence.

Relation to Our Work: This paper frames query reformulation as a sequence-

to-sequence task, modeling consecutive queries as source-target pairs. We adopt a

similar framing for SQL query recommendation, but instead of using an encoder-

decoder architecture, we employ a dual-encoder setup to encode both the current

and next queries into a shared embedding space. Their insight into leveraging

contextual history for predicting the next query informed our decision to treat past

SQL queries as context and to model the causal transitions between them through

learned representations.
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Learning to Attend, Copy, and Generate for Session-Based Query
Suggestion [8]

This paper focuses on query suggestion in search sessions, where users often re-

formulate their queries to convey complex information needs. Search engines can

assist users by providing relevant query suggestions, enhancing the efficiency of

the search process. Query suggestion becomes particularly valuable when users

are unfamiliar with the terminology and ontologies required to formulate precise

queries. It expedites the search process by enabling deeper exploration of the cur-

rent search direction or offering alternative paths to different aspects of the search

query.

The paper highlights patterns in query reformulation, such as term addition, re-

moval, and retention. Notably, a significant portion of search terms (approximately

62%) is reused from a user’s previous queries, with the majority of these repetitions

(over 67%) coming from the least frequently used terms. These terms, defined as

those that appear rarely within the overall query history but are repeatedly used by

individual users, are crucial to the user’s information needs.

The authors note that traditional sequence-to-sequence models are not effective

for query suggestion due to two limitations. Firstly, these models consider input

as a sequence of words without incorporating query-level information. Secondly,

they tend to neglect low-frequency terms, even though retention terms fall into this

category and play a crucial role in query reformulation patterns. To address these

shortcomings, the authors propose a method for session-based query suggestions

in this paper.

The session-based query suggestion model takes the previous session queries as

input and generates the suggestion for the next query as a sequence of words. It is

based on the sequence-to-sequence framework but incorporates three mechanisms

to overcome the aforementioned limitations:

1. Attend: A query-aware attention mechanism is employed to generate the

next query, considering the session context.

2. Copy: To manage term retention, a copy mechanism is implemented, allow-

ing the decoder to replicate session context and handle out-of-vocabulary

words.
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3. Generate: This component generates new words to address the failures of

traditional sequence-to-sequence models and prevent missing out on novel

terms.

The model, referred to as ACG, is trained using a multi-objective learning pro-

cess, taking into account the various mechanisms involved in the query suggestion

task.

Relation to Our Work: This work highlights the shortcomings of traditional

sequence-to-sequence models that treat input purely as word-level sequences, over-

looking structural patterns and query-level semantics. This insight directly influ-

enced our decision to incorporate transition-aware classifiers into our model. By

explicitly modeling structural changes, such as added or removed SQL clauses, we

ensure the system captures query evolution at a higher level of abstraction. While

ACG uses mechanisms like copying and attention to preserve key terms across

sessions, our method formalizes structural change through transition labels and

integrates this information into both retrieval and generation stages.

Using BERT and BART for Query Suggestion [30]

This research paper addresses the problem of query suggestion in modern search

engines, which aims to refine or explore different aspects of the search context. The

objective is to recommend the most relevant query based on the session context and

user intent. The problem is similar to the ACG paper, where prior session queries

serve as input and the output is the next query in the session.

The transformer architecture, similar to the general sequence-to-sequence model,

is employed in this study, consisting of an encoder and decoder. The encoder repre-

sents the session information, while the decoder generates the next query. However,

the transformer introduces a self-attention mechanism within the encoder, enabling

efficient information transfer between the encoder and decoder. Pre-trained trans-

formers have demonstrated superior performance in various natural language pro-

cessing (NLP) tasks, surpassing other techniques. Hence, this research fine-tunes

two pre-trained transformers for the query suggestion problem.

Relation to Our Work: This paper demonstrates the effectiveness of fine-

tuning pre-trained transformer models for query suggestion, reinforcing the value
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of transfer learning in query modeling tasks. We adopt a similar approach by lever-

aging transformer-based models, such as MiniLM or CodeBERT, as the foundation

for our dual encoders. However, instead of using an encoder-decoder structure to

directly generate full SQL queries, we adopt a two-step approach due to computa-

tional constraints. Specifically, we fine-tune a smaller model to retrieve the most

likely next SQL template, and then use a large language model to generate the fi-

nal query. This setup allows us to maintain generation quality while reducing the

computational burden of end-to-end fine-tuning on larger models.

Improving Sequential Query Recommendations with Immediate User
Feedback [35]

This paper dives into interactive next-query recommendation systems, where the

system responds to an initial query by providing results and a query recommen-

dation for the user’s next step. The user then provides feedback by accepting or

rejecting the recommended query, and the system adapts based on this feedback,

aiming to maximize the total reward (user acceptance). While state-of-the-art tech-

niques utilize sequence-to-sequence models and session queries, they often lack

effective adaptation to user feedback. The authors seek to enhance query recom-

mendation performance through the integration of immediate user feedback.

The proposed method, Exponentially Weighted Exploration, and Exploitation

with Transformer-based Experts (Exp3-TE), combines cutting-edge transformer-

based autoregressive models (experts) for causal language modeling with a next

query recommendation algorithm that dynamically adjusts to immediate user feed-

back using a multi-armed bandit approach. Unlike traditional multi-armed bandits

with fixed arm sets, this algorithm incrementally builds the candidate’s arm set.

Additionally, it incorporates multiple experts and combines their query recommen-

dations to improve overall model performance.

Relation to Our Work: Although our method does not incorporate real-time

user feedback or online adaptation, this work emphasizes the importance of mak-

ing query recommendations more responsive to user-specific behavior and intent.

Inspired by that goal, we incorporate a transition-aware reranking step that refines

retrieved SQL templates by aligning them with predicted structural changes in the

session. Instead of relying on external feedback, our system uses internal signals,
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such as predicted additions or removals of SQL components, to adjust the ranking

of candidates. This allows us to simulate a form of adaptive behavior, improving

the alignment between recommendations and the user’s evolving query intent.

4.2 SQL Query Recommendation
SQL query recommendation, as previously mentioned, involves recommending the

next SQL query based on a user’s history of queries. Similar to the categorization

discussed in the previous section, SQL recommendation methods can be broadly

classified into interestingness-based and data-driven approaches. These techniques

are designed to help users formulate relevant and accurate SQL queries by lever-

aging their historical interactions and the specific content of their queries.

• Interestingness-based: In this category, SQL recommendation methods pri-

marily fall into two main categories:

– Collaborative filtering is a method that predicts a user’s interests by

collecting preference information from many users. This technique,

exemplified by platforms like Netflix which recommend movies based

on users’ similar viewing histories, effectively captures and utilizes

patterns of collective behavior. In the context of SQL query recom-

mendation, collaborative filtering methods, such as those outlined by

Arzamasova and Böhm [3], leverage these user behaviors to identify

similarities in SQL query preferences. User-based collaborative filter-

ing compares the SQL query history of a target user with that of others

to find people with similar patterns. The target user is then suggested

SQL queries that are popular among these similar users. Conversely,

item-based collaborative filtering analyzes user SQL query histories to

find similarities directly between SQL queries themselves, suggesting

to the target user queries that are similar to those they have previously

executed or shown interest in.

– Content-based methods, as distinct from collaborative filtering, focus

on analyzing the content and attributes of individual SQL queries to

make recommendations. Unlike collaborative filtering, which lever-
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ages user behavior patterns, content-based methods (e.g. Eirinaki et al.

[12]) extract specific features from SQL queries such as keywords, ta-

ble names, or attributes. For each user, a query profile is created using

these extracted features. Recommendations are then made by matching

SQL queries with profiles similar to those in the user’s query history.

One of the key advantages of content-based methods is their immunity

to the cold-start problem, as they do not rely on user interaction data

but rather on the content of the queries themselves, allowing for per-

sonalized recommendations even when historical user data is limited.

• Data-driven methods have become increasingly popular recently, particu-

larly through the application of cutting-edge neural networks. In these meth-

ods, complex patterns and representations are learned from SQL query data,

specifically using advanced deep learning techniques. In this area, recurrent

neural networks (RNNs), reinforcement learning, and models based on trans-

formers are frequently used. Deep learning models are appropriate for query

recommendation tasks because they can efficiently extract sequential depen-

dencies and contextual information from query sequences. In this category,

two recent works stand out. In Lai et al. [21], the authors employ sequence-

to-sequence models to extract information from SQL query sequences. How-

ever, their approach divides the recommendation task into two sub-tasks:

template classification and fragment prediction, and as a result, they do not

recommend full SQL queries. On the other hand, Meduri et al. [27] takes a

different approach and utilizes reinforcement learning techniques to recom-

mend the next SQL query.

Relation to Our Work: Our approach builds on recent data-driven methods

for SQL query recommendation, particularly the work of Lai et al. [21], which

highlights the importance of modeling query evolution through structured reformu-

lations like clause additions or refinements. Like their method, we separate query

templates from schema-specific fragments. However, we extend this foundation in

several important ways. Rather than relying on template classification, we employ

a retrieval-based framework using a dual encoder, which offers greater flexibility

and generalization. We also introduce semantic transition types and train clause-
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level classifiers to explicitly model how different parts of a SQL query are expected

to evolve. Most notably, we complete the recommendation pipeline by generating

full SQL queries using a large language model (LLM), guided by both the re-

trieved template and recent query context. This integration allows us to produce

executable and coherent queries aligned with user intent. By combining retrieval,

transition modeling, and generation, our framework leverages LLMs to capture

richer patterns in query sessions, ultimately enhancing the accuracy and usefulness

of recommendations.

4.3 Text-to-SQL Systems
The text-to-SQL problem entails generating an SQL query that is semantically

equivalent to a given natural language query (NLQ) targeted at a particular Re-

lational Database with a defined schema. The goal is to produce a valid SQL query

that retrieves results from the database, aligning precisely with the user’s intent as

stated in the NLQ.

However, this task comes with challenges on both the natural language (NL)

and SQL fronts. The ambiguity and complexity of natural language can lead to

multiple interpretations of a specific query, making accurate translation more diffi-

cult. Moreover, SQL is a structured language with strict grammar and limited ex-

pressiveness, which can result in complex SQL queries even for seemingly straight-

forward NL queries.

Additionally, the success of executing a SQL query relies on avoiding syntac-

tical or semantic errors. If the translated SQL query contains any such issues, it

becomes impossible to execute, hindering the retrieval of desired results. Building

on this, we can categorize text-to-SQL research into three distinct categories based

on the approach taken to address these challenges:

4.3.1 Model Architecture Innovations

This category focuses on the design and development of specialized neural net-

work architectures tailored to improve the parsing and understanding of natural

language queries and their translation into SQL. These architectures may incorpo-

rate advanced mechanisms such as attention layers or employ novel neural network
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designs that better capture the intricacies of language and SQL syntax. To delve

deeper within the model architecture innovations category, these systems can fur-

ther be divided based on the nature of the decoder output into three main categories:

• Sequence-based approaches tackle the text-to-SQL problem as a sequence-

to-sequence transformation where the network is trained to produce an SQL

query in the form of a sequence of tokens based on the given NL query.

While these methods simplify the text-to-SQL conversion, they do not inher-

ently address the issue of generating syntactically correct queries. Nonethe-

less, the approach has gained significant traction, particularly with the rise

of large pre-trained transformer models. This technique was adopted by

Seq2SQL [51] as one of the first text-to-SQL systems.

• Sketch-based slot filling systems such as SQLNet [46] and Hydranet [26]

are designed to streamline the process of generating SQL queries by breaking

it down into smaller sub-tasks. This is achieved by creating a query sketch

with specific parts left blank, which are later filled in to form the complete

SQL query. However, implementing this approach can lead to an increase in

the complexity of the neural network, as it may require handling each part of

the query separately. Additionally, extending this method to handle complex

SQL queries becomes challenging.

• In grammar-based approaches, instead of producing straightforward tokens

as in the sequence-to-sequence method, a sequence of grammar rules is gen-

erated. These rules are subsequently applied to construct the SQL query.

This approach has been introduced to address challenges present in other

methods, such as syntactic and semantic errors, as well as the ability to han-

dle complex queries effectively. Prominent examples of grammar-based ap-

proaches include IRNet [15] and RAT-SQL [42], which were among the most

efficient techniques before being surpassed by the emergence of new large

pre-trained transfer models.
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4.3.2 Retrieval-Augmented Generation

Retrieval-augmented generation (RAG) is a technique that integrates traditional

machine learning models with a retrieval component to enhance performance by

accessing a database of relevant examples. This approach, often utilized in various

domains, combines the capabilities of neural networks with external knowledge

sources to improve the accuracy and relevance of generated content [24]. In the

context of text-to-SQL translation, RAG leverages databases of NLQ-SQL pairs,

using them to aid in generating SQL queries. By retrieving relevant examples

from a dataset, the model can use the context of previously solved examples to

form a more accurate translation of the new query, enhancing the model’s perfor-

mance with practical, example-based learning. Notable advancements in this cate-

gory include the following works, which illustrate significant progress in retrieval-

augmented techniques used to tackle this problem:

ReFSQL: A Retrieval-Augmentation Framework for Text-to-SQL
Generation [47]

This paper introduces “ReFSQL”, a retrieval-augmented framework aimed at im-

proving the text-to-SQL generation process by addressing the gap between specific

structure knowledge and general linguistic knowledge. This framework consists of

two main components: (1) a structure-enhanced retriever, and (2) a generator. The

retriever is designed to identify and incorporate SQL samples that share similar

structural characteristics, thereby providing a context that improves the model’s

understanding and generation capabilities. Additionally, the paper presents a novel

method of Mahalanobis contrastive learning [25] that effectively bridges the gap

between specific and general knowledge by guiding the model towards a distri-

bution closely resembling that of the training examples. The framework demon-

strated robustness and effectiveness across multiple datasets, achieving state-of-

the-art performance, particularly when combined with other backbone models like

the flan-T5.
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Retrieval-augmented GPT-3.5-based Text-to-SQL Framework with
Sample-aware Prompting and Dynamic Revision Chain [14]

This paper introduces a novel text-to-SQL framework that leverages a retrieval-

augmented prompting approach to generate SQL queries from natural language

questions. This approach uses large language models (LLMs) with GPT-3.5 and

incorporates two key techniques: (1) sample-aware prompting, and (2) a dynamic

revision chain. The sample-aware prompting involves retrieving and using SQL

queries that share similar intentions to the input question, enhancing the LLM’s

understanding and response accuracy. The dynamic revision chain method itera-

tively refines the generated SQL queries based on fine-grained feedback, including

execution results and natural language explanations of SQL queries. This iterative

process helps in adjusting the queries to increase their accuracy and adaptability to

the user’s intent.

In summary, recent research in text-to-SQL technology shows significant progress

in translating natural language queries into SQL. Innovations highlighted in the

discussed papers, such as retrieval-augmented frameworks, few-shot learning with

large language models, and creative prompt design, each contribute to improving

this field. These advancements aim to help users without extensive SQL knowl-

edge interact with databases. We will use these techniques to create novel methods

for tackling the SQL recommendation problem in the next section.
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Chapter 5

Methodology

Over recent years, there has been substantial enhancement in large language mod-

els, leading to their widespread application across diverse domains. These models

are now employed in various contexts, such as chatbots, content generation, lan-

guage translation, sentiment analysis, text summarization, question-answering sys-

tems, and personalized recommendations [2, 4, 7, 20, 22, 40, 48, 52] . Yet, there has

been a lack of exploration in using LLMs for recommending SQL queries based

on past interactions.

Motivated by this gap, we initially attempted to solve the next SQL query rec-

ommendation task by directly fine-tuning a large language model. Specifically, we

fine-tuned GPT-2 [36], a decoder-based Transformer model designed for text gen-

eration, to take the user’s current query as input and predict the next likely SQL

query. While the model demonstrated a strong ability to produce fluent and SQL-

like output, it showed some important shortcomings that made it unreliable for our

use case. It often generated incomplete or overly long queries, produced syntax

errors, and lacked consistency across predictions. For example, given the input:

SELECT salary FROM employees WHERE department = ’sales’

the model might generate:

SELECT salary FROM employees WHERE

department = ’marketing’ AND
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which is syntactically incomplete. These issues were mainly due to GPT-2’s

limited size, which constrained its ability to model the complexity of SQL genera-

tion. Although larger models like GPT-3.5 [5] are far better suited for this task, we

were unable to fine-tune them due to computational constraints, which limited our

ability to achieve more reliable results. This is a common limitation faced by many

academic and research projects that don’t have access to large-scale infrastructure,

so we focused on methods that are more practical and reproducible under standard

resource budgets.

These challenges highlighted an important insight: while LLMs offer power-

ful generative capabilities, using them directly for SQL recommendation, without

structure or schema guidance, results in unreliable outputs. As a result, we transi-

tioned to a more structured approach that leverages the strengths of both traditional

and generative methods. Specifically, we decomposed the task into two stages: (1)

predicting the structure of the next SQL query, referred to as its query template,

and (2) using this predicted template to guide the generation of the full SQL query.

This two-stage setup not only incorporates structural constraints to ensure syntac-

tic validity, but also preserves the flexibility of LLMs to generate complete, diverse

queries tailored to the user’s past behavior.

An important aspect of our approach is how we retrieve the next query tem-

plate. Rather than treating each SQL query in isolation, we look at how queries

evolve within a session. Much like how users reformulate search queries by adding,

removing, or reusing terms, SQL users also tend to modify their queries in pre-

dictable ways, such as by adding a filter, changing a grouping, or dropping an

ordering clause. These kinds of changes aren’t always captured well by traditional

sequence-to-sequence models [21], which often treat input as a flat sequence of

tokens and ignore query-level structure.

This insight was strongly influenced by work in session-based natural language

query suggestion [8], which highlights the importance of modeling how queries

evolve over time. That work shows that most edits in search sessions follow consis-

tent reformulation patterns, like reusing terms from previous queries or introducing

small but important changes. Inspired by this, we introduce the idea of modeling

query transitions, the structural differences between two consecutive SQL queries

in a session. These transitions help capture how a user’s intent changes at a higher
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level, beyond just token-level edits.

To support this, we define a set of semantic transition types that describe com-

mon changes between queries, such as adding a WHERE clause or removing an

aggregate function. We use these transitions both during training, to improve su-

pervision, and at inference time, to guide retrieval and generation.

The rest of this chapter introduces the key concepts that our system is built on:

query templates, query fragments, and query transitions. We then describe the full

architecture of our method, which follows a retrieval-augmented generation (RAG)

framework. At a high level, the system first retrieves likely next query templates

using neural embeddings, and then fills in those templates using a language model

guided by the user’s last two SQL queries.

5.1 Key Definitions
To support our structured approach, we introduce three core concepts: query tem-

plates, query fragments, and query transitions. These definitions help us abstract

query structure, isolate schema-specific details, and model how queries change

over time.

Definition 1 (Query Template [21]) Given a SQL query, Qi, we define its query
template, T (Qi), as a tree structure derived from the abstract syntax tree (AST)

of Qi, where all schema-specific elements are replaced with general placeholders.

Specifically:

• Table names are replaced with TAB

• Column names are replaced with ATT

• Literal values (both numbers and strings) are replaced with NUM

• Function names (e.g. SUM, AVG, MAX) are replaced with FUNC

All SQL keywords and structural syntax are retained. This abstraction allows the

system to learn query structure patterns that generalize across different databases

and schemas, without depending on specific table or column names.

For example, the query:
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SELECT AVG(salary) FROM employees WHERE

department = ’sales’

is abstracted to the following template:

SELECT FUNC(ATT) FROM TAB WHERE ATT = NUM

Here, only the schema-specific tokens are replaced. SQL keywords such as SELECT,

FROM, and WHERE remain unchanged.

Definition 2 (Query Fragment [21]) A query fragment refers to any original to-

ken in Qi that was abstracted away in the template T (Qi). This includes:

• Table names (e.g. employees)

• Column names (e.g. salary, department)

• Literal values (e.g. ’sales’)

• Function names (e.g. AVG)

Fragments are grouped into four categories: TABLE, COLUMN, LITERAL, and

FUNCTION. During generation, the language model’s task is to predict these miss-

ing fragments based on the retrieved query template and generate the full SQL

query.

Definition 3 (Query Transition) A query transition describes how the structure

of a SQL query changes from one step to the next within the same session. We

compare the templates of two consecutive queries, T (Qi) and T (Qi+1), and classify

transitions for each clause independently.

We focus on five common SQL clauses: SELECT, FROM, WHERE, GROUP BY,

and ORDER BY. These were chosen because the vast majority of queries include

only these clauses. They also tend to reflect the most meaningful structural edits,

such as adding filters, reordering results, or changing grouped attributes.

For each clause, we assign one of the following transition labels:

• none — the clause remains unchanged

• add — the clause appears in T (Qi+1) but not in T (Qi)
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• remove — the clause is dropped from T (Qi) in T (Qi+1)

• refine — the clause exists in both but its contents change

These transitions help the model understand how a user modifies their query struc-

ture over time.

5.2 Overview of the RAG Framework
Our full system follows a retrieval-augmented generation (RAG) framework, which

combines the strengths of search-based retrieval and language model generation.

At a high level, the model first retrieves a likely structure for the next SQL query,

a query template, and then uses a language model to generate the full query based

on this structure.

The overall architecture consists of three major components:

• A transition-aware dual encoder for retrieving the most likely next query

template

• Auxiliary transition classifiers for predicting how specific SQL clauses

(e.g. WHERE, GROUP BY) are likely to change in the next query. This is

framed as a multi-class classification problem, where each clause can be la-

beled with a transition type such as “add,” ”remove”, ”refine”, or ”none”.

• A language model (LLM) for generating the final SQL query

We assume that each session contains multiple SQL queries written by the

same user while exploring or analyzing data. The goal is to predict what the user

is likely to write next. To do this, our model considers the last two queries in the

session, which allows it to learn patterns in how users build and refine their queries

over time.

Due to computational limits, we do not use the full query history. Instead,

we limit the input to the two most recent queries. Prior work has shown that the

most recent query typically carries the most useful information for predicting what

comes next [8, 21], and we leave the use of longer query histories as future work.
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The rest of this chapter introduces each component of our method in more

detail: query template retrieval using dual encoders, transition classification, and

final SQL generation. Before we describe these individual modules, we provide a

high-level summary of the full system in Algorithm 1.

Algorithm 1 Overview of Transition-Aware RAG for SQL Query Recommenda-
tion
Require: Session history {Qi−1,Qi}, trained encoders Encq, Enca, Clause-Level

Transition Classifiers { fc}c∈C , vector index I , language model LLM

Ensure: Predicted next SQL query Q̂i+1

1: Convert Qi−1 and Qi to templates: T (Qi−1),T (Qi)

2: Encode combined input with query encoder: q← Encq(T (Qi−1) [SEP]T (Qi))

3: Normalize: q̃ = q
∥q∥

4: Retrieve top-K next-template candidates {T1, . . . ,TK} from FAISS index I

using cosine similarity

5: Predict transition probabilities for each clause: ŷc = fc(q) for all c ∈ C

6: for each retrieved candidate Tv do
7: Extract clause-level transitions y(v)c between T (Qi) and Tv

8: Compute alignment score: δv = α · 1
|C | ∑c∈C ŷ⊤c y(v)c

9: Update similarity: s̃v = sv +δv

10: end for
11: Select top template: T ∗ = argmaxv s̃v

12: Generate full SQL query: Q̂i+1 = LLM(Qi−1,Qi,T ∗)

13: return Q̂i+1

5.3 Query Template Retrieval

5.3.1 Template Abstraction

We represent each SQL query Qi as a template T (Qi) by abstracting away schema-

specific elements and replacing them with generic placeholders, following the for-

mal definition provided in Section 5.1.

The resulting template T (Qi) captures the high-level structural intent of the
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query, such as the presence of filtering, grouping, or aggregation, while removing

identifiers tied to a specific database schema. This abstraction enables our system

to learn structural patterns that generalize across domains and users, rather than

overfitting to schema-specific details.

5.3.2 Dual Encoder Architecture

We employ a dual-encoder architecture to retrieve the most likely next query tem-

plate based on recent query history. The model is trained on historical SQL query

template pairs ⟨T (Qi−1)◦T (Qi),T (Qi+1)⟩, where the input consists of the last two

templates from a user session, and the target is the next template. This setup al-

lows the model to learn structural patterns in how users typically transition from

one query to another.

To represent the input, we concatenate the two most recent templates using a

special separator token:

Input= T (Qi−1) [SEP] T (Qi)

We define two transformer-based encoders:

• Encq: Input → Rd — the query encoder maps the concatenated input tem-

plates into a d-dimensional embedding vector.

• Enca: Template→ Rd — the answer encoder maps the next query template

T (Qi+1) into an embedding in the same space.

Both encoders are initialized from pre-trained language models (e.g. Code-

BERT [13], MiniLM [44]) and are fine-tuned jointly for the retrieval task.

Given a batch of N training examples, we compute the query and answer em-

beddings as:

qu = Encq(T (Q
(u)
i−1) [SEP]T (Q

(u)
i )), au = Enca(T (Q

(u)
i+1))

To ensure that similarity comparisons are based on direction rather than mag-
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nitude, all vectors are normalized to unit length:

q̃u =
qu

∥qu∥
, ãu =

au

∥au∥

The similarity between each query and candidate answer in the batch is com-

puted using a dot product, scaled by a temperature parameter τ:

suv =
q̃⊤u ãv

τ

Here, τ is a positive constant that controls the sharpness of the similarity scores.

A smaller τ produces a more peaked distribution, placing more emphasis on dis-

tinguishing between closely matched candidates.

We use the InfoNCE loss [39] to train the model. This loss encourages the

similarity score between the correct query-answer pair (q̃u, ãu) to be higher than

the similarity with all other answers in the batch:

L
(u)

retrieval =− log
exp(suu)

∑
N
v=1 exp(suv)

Lretrieval =
1
N

N

∑
u=1

L
(u)

retrieval

This contrastive learning objective allows the model to construct a meaningful

representation space in which query template pairs that often follow each other

in real user sessions are close together. During inference, this embedding space

enables efficient retrieval of the most likely next templates using simple nearest

neighbor search.

5.3.3 Auxiliary Transition Classifiers

To help the encoder capture how SQL queries evolve structurally, we extend the

architecture with a set of auxiliary classifiers. These classifiers are designed to

predict the query transitions that occur between the last two query templates in

a session and the next one. Specifically, they model how each SQL clause (e.g.

WHERE, GROUP BY) is expected to change.

We focus on five common SQL clauses: SELECT, FROM, WHERE, GROUP BY,

and ORDER BY. For each clause, the model predicts one of four possible transition

types:
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• none — the clause remains unchanged

• add — the clause is introduced in the next query

• remove — the clause is removed in the next query

• refine — the clause is modified but still present

To model these transitions, we attach a separate classifier head for each clause.

Each classifier takes as input the query embedding qu, produced by the query en-

coder for the combined input [T (Q(u)
i−1),T (Q

(u)
i )], and outputs a distribution over

the four transition labels:

fc : Rd → R4

Training labels. To generate training targets, we compare each clause in the cur-

rent and next query templates. If the clause is newly introduced, it is labeled as

add; if it is removed, remove; if it appears in both but with different content,

refine; and if it appears unchanged, none. This yields a label y(u)c ∈ {0,1,2,3}
for each clause c and training example u.

Each classifier is trained using the cross-entropy loss:

Lc =
1
N

N

∑
u=1

CE( fc(qu),y
(u)
c )

The total transition loss is the average over all clauses:

Ltransition =
1
|C | ∑c∈C

Lc

Joint training with retrieval. These classifiers are trained jointly with the dual-

encoder retrieval model. That is, the query encoder is shared across both tasks, and

the gradients from both the retrieval and classification losses are used to update the

model. The total training objective is:

Ltotal = Lretrieval +λ ·Ltransition
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where λ is a scalar hyperparameter that balances the two components.

This joint learning setup ensures that the encoder not only learns to retrieve

relevant next query templates, but also becomes sensitive to how each part of the

query is likely to change. This extra supervision helps the encoder learn more

detailed, clause-aware representations, which lead to better SQL predictions that

match how users write queries.

The training procedure jointly optimizes the dual encoder and transition classi-

fiers using a multi-task objective. Once training is complete, we embed and index

all training templates for fast retrieval at inference time. The full training and in-

dexing workflow is summarized in Algorithm 2.

Algorithm 2 Training Procedure for Dual Encoder with Clause-Level Transition
Classifiers

Require: Training triples {(T (Q(u)
i−1),T (Q

(u)
i ),T (Q(u)

i+1))}N
u=1, clause transition la-

bels {y(u)c } for c ∈ C

Ensure: Trained encoders Encq, Enca, classifiers { fc}c∈C , vector index I

1: for each training step do
2: Encode input templates: qu← Encq(T (Q

(u)
i−1) [SEP]T (Q

(u)
i ))

3: Encode next-query templates: au← Enca(T (Q
(u)
i+1))

4: Normalize: q̃u = qu/∥qu∥, ãu = au/∥au∥
5: Compute pairwise similarity: suv = q̃⊤u ãv/τ

6: Compute retrieval loss:

Lretrieval =− 1
N ∑

N
u=1 log exp(suu)

∑
N
v=1 exp(suv)

7: Predict clause transitions: ŷ(u)c ← fc(qu) for all c

8: Compute classification loss:

Ltransition =
1
|C | ∑c∈C CE(ŷ(u)c ,y(u)c )

9: Compute total loss: Ltotal = Lretrieval +λ ·Ltransition

10: Update all parameters via backpropagation

11: end for

Indexing Step:
12: Encode and normalize all unique training set templates T (Q(v)) using Enca

13: Store normalized embeddings ãv in FAISS vector index I
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5.3.4 Vector Database Indexing and Retrieval

Once the transition-aware dual encoder has been trained, we use it to embed all

query templates from the training set and store them in a vector database for fast

retrieval. Specifically, we use the answer encoder Enca to generate fixed-length

vector representations for each query template T (Q(v)):

av = Enca(T (Q(v))), ãv =
av

∥av∥

The normalization step ensures that similarity comparisons between vectors are

based on cosine similarity, which is more meaningful in high-dimensional semantic

spaces.

To enable efficient retrieval, we store these normalized embeddings in FAISS [11],

a high-performance vector search library.

Before indexing, we perform basic preprocessing:

• Duplicate query templates are removed to prevent retrieval redundancy.

• All embeddings are normalized to ensure consistent distance metrics.

At inference time, given the current session history [T (Qi−1),T (Qi)], we com-

pute its embedding using the query encoder Encq:

q = Encq(T (Qi−1) [SEP]T (Qi)), q̃ =
q
∥q∥

We then compute the cosine similarity between q̃ and all stored candidate em-

beddings ãv:

sv = q̃⊤ãv

The top-K candidates with the highest similarity scores are selected:

TopK(T (Qi)) = argsortv(sv)[1 : K]

These retrieved templates represent the most likely structural forms of the

user’s next SQL query. To further narrow down the most suitable candidate, we

apply a transition-based reranking step. This reranking uses predictions from the

trained transition classifiers to select the template that best matches the expected
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structural changes. The top-ranked template is then passed to the language model

for the full SQL query generation.

5.3.5 Transition-Aware Reranking

Although the top-K query templates retrieved from the vector database are struc-

turally similar to the current session context, they may not always align with how a

user’s query is likely to evolve. To address this, we introduce a reranking step that

leverages the transition classifiers trained jointly with the encoder.

This reranking process prioritizes candidates that not only have high embed-

ding similarity but also match the expected structural changes predicted by the

model. For a given session context [T (Qi−1),T (Qi)], the query encoder produces

an embedding q, which is then passed to the clause-level transition classifiers

{ fc}c∈C to predict the transition type for each clause:

ŷc = fc(q) for each c ∈ C

where ŷc ∈ R4 is the predicted probability distribution over the four transition

classes: none, add, remove, and refine.

For each retrieved candidate template T (Q∗i+1), we compute its true transition

label for each clause by comparing its structure with that of T (Qi). Each clause c

is assigned a one-hot label y∗c ∈ {0,1}4 indicating the actual transition type.

We then compute a clause-level agreement score using the dot product between

the predicted distribution and the true label:

δc = ŷ⊤c y∗c

The overall transition alignment score for the candidate is the normalized av-

erage agreement across all clauses:

δ∗ = α · 1
|C | ∑c∈C

δc

This normalization ensures that the transition influence δ∗ is bounded in [0,α],

preventing it from overpowering the embedding-based similarity score regardless
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of the number of clauses.

The final candidate score is computed by combining the transition alignment

and embedding-based similarity:

s̃∗ = s∗+δ∗

Finally, the top-K candidates are re-ranked based on the updated scores s̃∗, and

the highest scoring template is selected for generation. This reranking step helps

guide the system toward next query templates that are not only structurally similar,

but also consistent with the model’s understanding of realistic query evolution.

5.3.6 Full SQL Query Generation

After retrieving the most suitable query template candidate, the system proceeds to

generate the final SQL query. This step is handled by a pretrained large language

model (LLM), which fills in the schema-specific components, query fragments, of

the selected query template based on the user’s last two SQL queries.

The LLM is provided with three key inputs:

• The previous SQL query Qi−1

• The current SQL query Qi

• The top-ranked next query template T ∗, typically selected as T1 after rerank-

ing

These components are formatted into a structured prompt that guides the gen-

eration process:

Q̂i+1 = LLM(Qi−1,Qi,T ∗)

Here, Q̂i+1 is the fully generated SQL query, which is expected to follow the

structure defined by the predicted template T ∗. The language model uses Qi−1 and

Qi to understand the recent query context, and T ∗ to determine the structure of the

next query.

The template T ∗ provides high-level guidance by specifying which SQL clauses

should be included in the next query, such as filters, groupings, or sorting, without
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dictating specific details. The LLM fills in those details by generating the appro-

priate table names, column names, functions, and literals, often by referring back

to elements found in the recent queries.

The input prompt given to the LLM includes:

• The most recent two SQL queries (Qi, Qi−1)

• The predicted template T ∗, with placeholders for schema elements

• A simple instruction to complete the template and generate a valid next SQL

query

Since many of the required fragments (e.g. tables, columns, or filters) often

appear in recent queries [8, 21], the LLM can infer missing details by reusing or

adapting elements from the prior context. This allows the model to stay consis-

tent with the user’s ongoing analysis while producing a syntactically complete and

executable SQL query.
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Chapter 6

Experimental Analysis

In this chapter, we evaluate the effectiveness of our transition-aware retrieval-

augmented generation (RAG) framework for next SQL query recommendation. We

begin by outlining the experimental setup, which includes the SQLShare dataset [17],

a set of representative baseline methods, and the hyperparameter configurations

used for training and inference. We then introduce the evaluation metrics that mea-

sure both structural and content-level accuracy. Finally, we present empirical re-

sults and analysis, highlighting the benefits of modeling structural transitions and

leveraging retrieved query templates in generating the next query within a session.

6.1 Experimental Setup
We evaluate our transition-aware SQL recommendation method on a large-scale,

real-world dataset and compare it against several established baselines. This sec-

tion introduces the dataset used in our experiments and outlines key implementa-

tion details for reproducibility.

6.1.1 Dataset: SQLShare Workload

We conduct our experiments on the SQLShare workload [17], a database platform

that enabled users to upload their own datasets and write SQL queries directly

through a web interface. As a result, SQLShare provides a rich and diverse collec-

tion of real user queries, each tied to a user-defined schema. The dataset spans 64
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unique schemas and covers a wide range of domains, including biology, oceanog-

raphy, and environmental science. Unlike traditional benchmarks built on a single

fixed schema, SQLShare reflects the challenges of real-world, ad hoc analysis, re-

quiring models to generalize across both structural and semantic variations, making

it a compelling benchmark for SQL query recommendation tasks.

To support structured learning, we adopt a session-based formulation of the

task. Each session consists of a sequence of SQL queries issued by a single user on

a single dataset. From these sequences, we construct training instances of the form

(Qi−1,Qi)→Qi+1, where the input consists of the two most recent queries and the

target is the next query in the session. Sessions with fewer than three queries are

discarded to ensure valid triplets. The dataset is split by session to prevent test

leakage and to preserve session continuity during evaluation.

The SQLShare workload used in this study includes 1463 user sessions, each

with more than two SQL queries. In total, we analyze around 17.6k SQL queries,

of which 14k are unique, yielding an average session length of 12 queries. These

figures reflect the exploratory nature of SQLShare, where users often iterate on

previous queries within a session.

Although there are many queries, most of them are small changes to earlier

ones, such as adjusting filter conditions or selected columns, rather than completely

new query structures. When we group queries by structure using templates, the

number of distinct patterns becomes much smaller. This shows that users often

follow similar patterns and change only specific parts of a query. Because SQL-

Share includes both repeated query patterns and a wide variety of table and column

names, it is a good dataset for testing systems like ours. It helps evaluate how well

a model can handle both familiar query forms and different database schemas.

Even though SQLShare is a diverse and realistic benchmark, it is the only

dataset on which we evaluate our approach, as it is the only one where we could

run all selected baseline methods. This reflects a limitation of our current study

rather than of the dataset itself. However, SQLShare effectively represents a col-

lection of datasets, with 64 distinct and heterogeneous database schemas spanning

multiple domains. This diversity makes it a strong benchmark for evaluating the

generalization ability of SQL recommendation models. Evaluating our framework

on additional datasets is left for future work.
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6.1.2 Baseline Methods

To assess the effectiveness of our transition-aware RAG framework, we compare it

against a set of representative baseline methods selected for their diversity in mod-

eling strategies. These include a large language model without structural priors, a

state-of-the-art sequence-aware deep learning, a collaborative filtering system, and

a simple repetition-based heuristic.

Our choice of baselines reflects three main goals:

• To test whether large language models can generalize next query patterns

without structural supervision

• To compare against a state-of-the-art sequence-aware deep learning method

trained on SQLShare

• To evaluate simpler, schema-agnostic baselines as reference points

Generative LLM (No Guidance)

This baseline uses a pretrained large language model to generate the next SQL

query directly from the last two queries, without retrieval, templating, or transition

modeling. It tests whether a modern LLM can implicitly capture query evolution.

We use GPT-4o mini [33], prompted with Qi−1 and Qi, and apply greedy decoding.

While such models are capable of producing fluent SQL syntax, they are not trained

on SQLShare and lack inductive biases for structural consistency.

Sequence-Aware Deep Learning (Lai et al.)

We include a state-of-the-art neural baseline from Lai et al. [21], which splits

the next SQL query recommendation task into two subproblems: (1) predicting

the next query template via a classification model, and (2) predicting the likely

query fragments (i.e. tables, columns, literals, and functions) using a sequence-

to-sequence model. Both components are trained on SQLShare, and the model is

designed to capture common patterns in how users modify their queries.
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However, the method does not synthesize full SQL queries. As a result, al-

though it is a strong baseline for the sub-tasks of template and fragment predic-

tion, it lacks a mechanism for generating full SQL queries. In our evaluation, we

compare against this baseline on its two native tasks, template classification and

fragment prediction, rather than full SQL query generation.

QueRIE Framework (Collaborative Filtering)

This baseline adapts the QueRIE framework [12], a collaborative filtering method

originally proposed for query recommendation. It constructs a feature vector sum-

marizing the current session and retrieves past queries from similar sessions (ex-

cluding the current user). While it does not use SQL structure or transition mod-

eling, it serves as a useful static baseline based on co-occurrence patterns. We

include it to evaluate how well traditional recommendation techniques perform in

the presence of diverse schemas.

Identity Baseline (Naive Qi)

As a lower-bound reference, we include a naive identity baseline that simply re-

turns Qi as the prediction for Qi+1. This reflects the observation that users often re-

peat queries or make minor edits. While incapable of modeling structural changes

or user intent shifts, it can achieve surprisingly high token-level overlap due to

schema reuse. Its inclusion helps highlight the added value of modeling transitions

and structure explicitly.

6.1.3 Hyperparameters

The performance of our transition-aware RAG framework depends critically on

a balance between retrieval accuracy and transition supervision. To achieve this,

we selected and tuned a set of hyperparameters based on targeted experiments and

prior design principles. Our goal was to ensure that the encoders produce semanti-

cally meaningful representations for SQL templates, while the transition classifiers

offer additional clause-level guidance without overwhelming the retrieval objec-

tive.
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For retrieval, we use CodeBERT (microsoft/codebert-base) [13], a

transformer model pre-trained on natural language and programming languages,

including SQL. Compared to general-purpose encoders like MiniLM, CodeBERT

provides better inductive bias for parsing structured code-like syntax, making it

particularly well-suited for SQL template representation. The temperature param-

eter τ = 0.1 was selected to sharpen contrastive learning in the InfoNCE loss [39],

encouraging more confident matching between consecutive query templates. The

transition classification loss is weighted by λ = 0.3 to allow structural supervision

to guide the encoder without dominating it.

At inference time, we retrieve the top-K = 10 candidates from the vector index,

which we found to balance diversity and retrieval precision, while also giving the

transition-aware reranking mechanism sufficient candidates to select a structurally

suitable query template. The final SQL query is generated using GPT-4o mini [33],

which fills in schema-specific fragments based on the retrieved template and recent

query history.

Table 6.1 lists the set of hyperparameters used in training and inference.

Table 6.1: Key Hyperparameters for the Transition-Aware RAG Model

Hyperparameter Value

Embedding model name microsoft/codebert-base

Max sequence length 128
Batch size 32
Epochs 20
Learning rate 1e-5
Temperature (τ) 0.1
Transition loss weight (λ ) 0.3
Retrieval top-K 10
LLM model GPT-4o mini

6.2 Empirical Evaluation
We evaluate our model against several baselines using three complementary met-

rics that assess both structural and content-level quality in next-query recommen-

45



dation. These metrics include normalized edit distance, template match accuracy,

and fragment-level F1 scores. Together, they provide a comprehensive picture of

how well each method approximates the next query in a session.

6.2.1 Evaluation Metrics

Edit Distance. This metric measures the normalized number of edits—insertions,

deletions, or substitutions—required to transform the predicted query Q̂i+1 into the

ground truth Qi+1. While computed at the character level, it offers a useful ap-

proximation of how closely a generated query aligns with the target overall. Lower

values indicate higher fidelity.

Template Match Accuracy. This measures whether the predicted query has the

same abstract structure (template) as the target query. It is a binary accuracy metric,

reflecting how often the structural intent is correctly captured.

Fragment F-score. We extract and compare the sets of schema-specific frag-

ments including, tables, columns, functions, and literals, between predicted and

true queries. F1 is computed for each type, providing insight into how well the

model fills in database-specific details.

6.2.2 Results and Analysis

We now present the empirical results across all metrics. Tables 6.2, 6.3, and 6.4

report template match accuracy, fragment-level F1 scores, and normalized edit dis-

tance, respectively. Together, these results show how different methods perform

across both structural and content-level dimensions of next-query recommenda-

tion.

Template Match Accuracy. Table 6.2 shows that our method achieves the high-

est accuracy (0.57) in correctly predicting the structure of the next query. This

reflects the effectiveness of our transition-aware retrieval stage in selecting plausi-

ble templates based on session context. The sequence-aware deep learning (0.51)
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also performs competitively. The naive Qi baseline achieves moderate performance

(0.43), as users often repeat similar structures, while the generative LLM performs

poorly (0.28) due to its lack of structural inductive bias.

Table 6.2: Template Match Accuracy

Method Template Accuracy

Generative LLM (No Guidance) 0.28

Sequence-Aware Deep Learning 0.51

Collaborative Filtering (QueRIE) –

Naive Qi 0.43

Ours (RAG) 0.57

Fragment-Level F1 Scores. Table 6.3 reports F1 scores for table names, column

names, functions, and literals. Our method achieves the highest scores for func-

tions (0.74) and tables (0.66), highlighting its strength in capturing the query struc-

ture and user’s intent. This performance reflects the advantage of RAG in modeling

both the overall query structure and session-specific elements, particularly for frag-

ments like functions that are closely tied to query intent.

On column prediction, our model scores 0.61, slightly lower than the naive Qi

baseline (0.68), which benefits from the high likelihood of repeated column usage

across consecutive queries. In contrast, our approach generalized beyond repetition

by conditioning generation on session context, with introduces more variation but

improves adaptability.

Our method also performs competitively on literals (0.52), which are harder

to infer and often user-specific. The seqence-aware transformer achieves slightly

better performance on columns (0.66) and literals (0.54), likely due to its explicit

fragment-level training stage, which helps with frequently occuring but position-

ally variable elements like column names and literals. However, this comes at the

cost of flexibility across more complex or less repetitive fragment types.

Collaborative filtering performs poorly across all categories, highlighting its

limitations in modeling structured, intent-driven queries. Finally, the unguided

47



generative LLM struggles across the board, reinforcing the importance of structural

and contextual guidance in accurate SQL generation.

Table 6.3: Fragment F1 Scores by Fragment Type

Method Table Column Function Literal

Generative LLM (No Guidance) 0.60 0.45 0.42 0.35

Sequence-Aware Deep Learning 0.64 0.66 0.68 0.54
Collaborative Filtering (QueRIE) 0.16 0.24 0.25 0.06

Naive Qi 0.61 0.68 0.54 0.40

Ours (RAG) 0.66 0.61 0.74 0.52

Edit Distance. Table 6.4 presents normalized edit distance between predicted and

target queries. While the naive Qi baseline achieves the lowest score (0.60), this

is due to conservative predictions that closely resemble the input. Our model per-

forms better than the generative LLM (0.63 vs. 0.73), demonstrating that retrieval-

guided generation leads to more grounded and consistent outputs. Although our

method makes more structural edits than naive repetition, it does so in a way

that improves template and fragment accuracy, offering a better balance between

change and correctness.

While the generative LLM baseline is capable of producing fluent and complete

SQL queries, its lack of structural grounding often leads it to deviate significantly

from the user’s original intent. This is reflected in its high normalized edit distance

(0.73), indicating that the predicted queries differ substantially from the ground

truth. In contrast, the naive Qi baseline achieves the lowest edit distance (0.60),

underscoring that many consecutive queries in SQLShare are only subtly modified.

This highlights the nature of the task: effective recommendations often require

minimal but meaningful changes to previous queries. Our method, which combines

retrieval and generation, strikes a balance between these extremes. It avoids blindly

copying prior queries while ensuring that generated outputs remain closely aligned

with likely user intent. The result is a recommendation model that makes informed

structural changes without drifting semantically from the session’s trajectory.
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Table 6.4: Normalized Average Edit Distance (lower is better)

Method Edit Distance

Generative LLM (No Guidance) 0.73

Naive Qi 0.60
Ours (RAG) 0.63

Overall, our transition-aware retrieval-augmented framework outperforms all

baselines in structural accuracy and fragment-level detail, while maintaining strong

end-to-end fidelity. These results validate the value of combining template retrieval

with LLM-based generation, especially in diverse and schema-rich environments

like SQLShare.
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Chapter 7

Conclusion and Future Work

In this thesis, we proposed a transition-aware retrieval-augmented generation (RAG)

framework for recommending the next SQL query in a user session. By combining

neural dual encoders for template retrieval, auxiliary transition classifiers, and large

language models for full SQL query generation, our approach effectively bridges

structural understanding with expressive query synthesis.

We demonstrated that modeling structural transitions as auxiliary tasks im-

proves both retrieval accuracy and the consistency of generated queries. Rather

than learning to directly output query fragments, our method defers fragment gen-

eration to a pretrained language model, leveraging the fact that most fragments

used in the next query are already present in recent ones. Additionally, we showed

that conditioning the system on only the last two queries of a session is sufficient

to produce coherent and relevant recommendations, balancing performance with

practical input size constraints.

Although our experiments were conducted solely on the SQLShare dataset,

this choice enabled a fair comparison with existing baselines and offered a diverse

setting with 2,697 sessions across 64 unique datasets. This diversity makes SQL-

Share a strong proxy for multi-schema environments, and our findings suggest that

the proposed system generalizes well across various user and schema behaviors.

While the presented system addresses key challenges in SQL query recommen-

dation, several opportunities remain for future exploration:

• Incorporating natural language instructions during generation. In our
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current design, the language model generates the next SQL query condi-

tioned on a structured query template retrieved from past examples. While

this approach ensures structural consistency, it limits flexibility in how user

intent is expressed. An alternative would be to augment the template with

natural language instructions, such as ”add a filter for recent dates” or ”re-

move the GROUP BY clause”. This would shift the generation step from

structure-guided to instruction-guided SQL synthesis.

• Advancing template retrieval. Future versions may benefit from special-

ized encoders pretrained on SQL-specific structural patterns or multi-task

training objectives that better align embedding space with query transitions.

• Incorporating longer query histories. Limiting the model to the last two

queries is a reasonable design choice under computation constraints, but fu-

ture iterations could integrate more context using session-aware encoders or

memory-augmented architectures.

• Expanding to multiple datasets. Although SQLShare is multi-schema, in-

corporating additional benchmarks would enable direct performance com-

parisons in single-schema environments and improve the system’s domain

coverage.

In conclusion, this work highlights the potential of combining retrieval, struc-

tural supervision, and generative models for intelligent SQL query recommenda-

tion. While grounded in practical constraints, it opens the door for richer and more

interactive data exploration systems built on structured query understanding.
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M. Lomeli, L. Hosseini, and H. Jégou. The faiss library. 2024. → page 37

[12] M. Eirinaki, S. Abraham, N. Polyzotis, and N. Shaikh. Querie: Collaborative
database exploration. Knowledge and Data Engineering, IEEE Transactions
on, 26:1778–1790, 07 2014. doi:10.1109/TKDE.2013.79. → pages 2, 22, 44

[13] Z. Feng, D. Guo, D. Tang, N. Duan, X. Feng, M. Gong, L. Shou, B. Qin,
T. Liu, D. Jiang, and M. Zhou. CodeBERT: A pre-trained model for

53

http://dx.doi.org/10.1007/978-3-642-02279-1_2
http://dx.doi.org/https://doi.org/10.1016/j.technovation.2024.103002
https://www.sciencedirect.com/science/article/pii/S016649722400052X
http://dx.doi.org/10.1145/3132847.3133010
https://doi.org/10.1145/3132847.3133010
http://dx.doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://api.semanticscholar.org/CorpusID:211132951
http://dx.doi.org/10.1109/TKDE.2013.79


programming and natural languages. In T. Cohn, Y. He, and Y. Liu, editors,
Findings of the Association for Computational Linguistics: EMNLP 2020,
pages 1536–1547, Online, Nov. 2020. Association for Computational
Linguistics. doi:10.18653/v1/2020.findings-emnlp.139. URL
https://aclanthology.org/2020.findings-emnlp.139/. → pages 33, 45

[14] C. Guo, Z. Tian, J. Tang, S. Li, Z. Wen, K. Wang, and T. Wang.
Retrieval-augmented gpt-3.5-based text-to-sql framework with sample-aware
prompting and dynamic revision chain. In B. Luo, L. Cheng, Z. Wu, H. Li,
and C. Li, editors, Neural Information Processing - 30th International
Conference, ICONIP 2023, Changsha, China, November 20-23, 2023,
Proceedings, Part VI, volume 14452 of Lecture Notes in Computer Science,
pages 341–356. Springer, 2023. doi:10.1007/978-981-99-8076-5\ 25. URL
https://doi.org/10.1007/978-981-99-8076-5 25. → page 26

[15] J. Guo, Z. Zhan, Y. Gao, Y. Xiao, J.-G. Lou, T. Liu, and D. Zhang. Towards
complex text-to-SQL in cross-domain database with intermediate
representation. In Proceedings of the 57th Annual Meeting of the Association
for Computational Linguistics, pages 4524–4535, Florence, Italy, July 2019.
Association for Computational Linguistics. doi:10.18653/v1/P19-1444.
URL https://aclanthology.org/P19-1444. → page 24

[16] S. Hochreiter and J. Schmidhuber. Long short-term memory. Neural
Comput., 9(8):1735–1780, nov 1997. ISSN 0899-7667.
doi:10.1162/neco.1997.9.8.1735. URL
https://doi.org/10.1162/neco.1997.9.8.1735. → page 8

[17] S. Jain, D. Moritz, D. Halperin, B. Howe, and E. Lazowska. Sqlshare:
Results from a multi-year sql-as-a-service experiment. In Proceedings of the
2016 International Conference on Management of Data, SIGMOD ’16, page
281–293, New York, NY, USA, 2016. Association for Computing
Machinery. ISBN 9781450335317. doi:10.1145/2882903.2882957. URL
https://doi.org/10.1145/2882903.2882957. → page 41

[18] J.-Y. Jiang and W. Wang. Rin: Reformulation inference network for
context-aware query suggestion. CIKM ’18, page 197–206, New York, NY,
USA, 2018. Association for Computing Machinery. ISBN 9781450360142.
doi:10.1145/3269206.3271808. URL
https://doi.org/10.1145/3269206.3271808. → page 15

[19] M. I. Jordan. Serial order: a parallel distributed processing approach.

54

http://dx.doi.org/10.18653/v1/2020.findings-emnlp.139
https://aclanthology.org/2020.findings-emnlp.139/
http://dx.doi.org/10.1007/978-981-99-8076-5_25
https://doi.org/10.1007/978-981-99-8076-5_25
http://dx.doi.org/10.18653/v1/P19-1444
https://aclanthology.org/P19-1444
http://dx.doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1145/2882903.2882957
https://doi.org/10.1145/2882903.2882957
http://dx.doi.org/10.1145/3269206.3271808
https://doi.org/10.1145/3269206.3271808


technical report, june 1985-march 1986. 5 1986. URL
https://www.osti.gov/biblio/6910294. → page 6

[20] J. Kaddour, J. Harris, M. Mozes, H. Bradley, R. Raileanu, and R. McHardy.
Challenges and applications of large language models. ArXiv,
abs/2307.10169, 2023. URL
https://api.semanticscholar.org/CorpusID:259982665. → page 27

[21] E. Y. Lai, Z. Zolaktaf, M. Milani, O. AlOmeir, J. Cao, and R. Pottinger.
Workload-aware query recommendation using deep learning. In
J. Stoyanovich, J. Teubner, N. Mamoulis, E. Pitoura, and J. Mühlig, editors,
Proceedings 26th International Conference on Extending Database
Technology, EDBT 2023, Ioannina, Greece, March 28-31, 2023, pages
53–65. OpenProceedings.org, 2023. doi:10.48786/edbt.2023.05. URL
https://doi.org/10.48786/edbt.2023.05. → pages
2, 4, 22, 28, 29, 30, 31, 40, 43

[22] J. Lehmann, A. Meloni, E. Motta, F. Osborne, D. R. Recupero, A. Salatino,
S. Vahdati, T. ScaDS.AI, Dresden, and De. Large language models for
scientific question answering: An extensive analysis of the sciqa benchmark.
In Extended Semantic Web Conference, 2024. URL
https://api.semanticscholar.org/CorpusID:269767509. → page 27

[23] M. Lewis, Y. Liu, N. Goyal, M. Ghazvininejad, A. Mohamed, O. Levy,
V. Stoyanov, and L. Zettlemoyer. BART: denoising sequence-to-sequence
pre-training for natural language generation, translation, and comprehension.
In D. Jurafsky, J. Chai, N. Schluter, and J. R. Tetreault, editors, Proceedings
of the 58th Annual Meeting of the Association for Computational Linguistics,
ACL 2020, Online, July 5-10, 2020, pages 7871–7880. Association for
Computational Linguistics, 2020. doi:10.18653/v1/2020.acl-main.703.
URL https://doi.org/10.18653/v1/2020.acl-main.703. → page 10

[24] P. S. H. Lewis, E. Perez, A. Piktus, F. Petroni, V. Karpukhin, N. Goyal,
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