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Abstract

Text-to-SQL has been effectively addressed using various NLP approaches,
enabling the translation of natural language queries into SQL queries. A com-
mon prerequisite for these implementations, however, is the availability of the
database table during inference. This requirement can pose challenges in sce-
narios where the table is not readily accessible to users. This work is motivated
by the ongoing development of a chatbot tool within a private company, aimed
at streamlining database interactions for the users. To address the table accessi-
bility limitation, this study leverages Information Retrieval techniques to imple-
ment table selection based solely on the natural language query. We finetune pre-
trained models like BERT and GIST-NoInstruct using the ColBERT method. We
train our models using data we curate in-house by employing established LLM-
prompting techniques. We prepare individual training datasets using two neg-
ative sampling techniques: uniform distribution and weighted probability dis-
tribution. We also experiment with various data fusion techniques such as RRF,
CombMNZ, and Linear Combination to combine results from multiple search
strategies. Our approach outperforms baseline methods in table retrieval, while
also providing a comparative analysis of various retrieval strategies.
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1

Introduction

This section introduces the text-to-SQL limitation we aim to solve, its relevance to our
real-world business use case, and the specific research objectives and experiments
we conduct. Our goal is to advance studies in this area and develop solutions to
overcome the identified challenge.

1.1 | Motivation
Structured Query Langauge (SQL) is the most popular and utilized data querying lan-
guage today (Hong et al., 2025). Although various alternative data management sys-
tems exist, SQL has remained a staple tool due to its early introduction in 1970 and
widespread use since. Despite its popularity, its usability requires the knowledge of a
complex and technical syntax, which for many users hinders thorough adoption (Hong
et al., 2025). To mitigate such gaps, many use-cases resort to a middleman approach
where the Domain Specific Language (DSL) is hidden from the user. As an example, an
application which allows users insight into a pool of data may establish a User Inter-
face (UI) comprised of graphical components to dictate the nature of the query opera-
tion. While satisfactory, this poses two issues; firstly, considerable development effort
is required to build and maintain such a layer, and secondly, users are bounded to the
limits of the UI.

Using Natural Language Processing (NLP) techniques, such issues can be drastically
reduced, and in certain use-cases completely mitigated. Through direct conversion of a
natural query to its counterpart SQL statement, users can operate on the database with-
out the knowledge of the querying syntax. Furthermore, by allowing a trained model to
handle the conversion, much of the development and maintenance effort can be dras-
tically reduced. Despite this major success, the leading text-to-SQL models today still

1



Chapter 1. Introduction 1.1. Motivation

require the table to be provided along with the natural query (Gao et al. (2023), Pourreza
et al. (2025), Xu et al. (2022)). Although this may not be an issue for certain applications,
others may not have the advantage of readily accessible tables. For instance, whether for
privacy or security concerns, an end-user may not be granted access to the full database
schema. Another scenario may be when the database entities are simply too numerous
in number, causing unknowns and ambiguity during the process of manual table selec-
tion. While there exist many works (Yin et al. (2020), Herzig et al. (2020), Dong and
Wang (2024), Wang et al. (2024)) which focus on schema-agnostic runtime, almost all
include the table and metadata during the training phase, allowing the model to learn
the explicit tables. Despite being successful in a static setting, such an implementation
may not be viable for real-world business use-cases where the underlying tables are
constantly changing. It is also not practical to simply provide all possible tables during
inference, since the input length increases proportionally with the number of tables. For
LLMs, longer inputs can exacerbate issues such as losing track of earlier context, in ad-
dition to hitting token limits, which can significantly degrade their performance. While
individual inference of query–table pairs can be a viable solution, as demonstrated by
Chopra and Azam (2024), latency issues become increasingly apparent

This research effort proposes a retrieval system that leverages context and metadata
extracted from user queries to identify relevant SQL tables. Techniques and architec-
tures established in prior research will be adopted and evaluated for their applicabil-
ity. Given the business motivation underpinning this work, cost-effectiveness and time-
efficiency will significantly influence the choice of models, tools, and techniques used to
develop the system. This research focuses exclusively on the Information Retrieval (IR)
aspect for selecting relevant tables. It does not extend beyond this specific stage. In-
stead, it is intended to serve as a first-stage retriever for downstream tasks, such as the
text-to-SQL mechanism required by the business use-case. Figure 1.1 demonstrates a
high level overview of the business product being built. As a final note, the company
associated with this business use-case will remain anonymous, and any identifiable data
is replaced with similar mock data. The changes to the data do not impact the repro-
ducibility of our experiments or results.

2
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Figure 1.1: A high-level view of the pipeline that is being implemented for the business. The
user’s query is used to find the target table, which is then passed to the LLM to build the final
SQL query which is executed against the SQL database. The retrieved data is passed back
to the LLM, which then presents it to the user. This work aims to implement the component
encapsulated within the red dashed-line.

1.2 | Objectives
This work aims to build a tool, which given a SQL-translatable natural-language-based
query, selects all tables necessary to build the intended SQL statement. The tables are
indexed into a storage system and retrieved based on the metadata and context of the
natural query alone. To implement such a tool, this research focuses on IR techniques
for both structured and unstructured data. Given the structured nature of SQL tables,
we naturally place more emphasis on the latter. This work researches different ap-
proaches to IR; namely sparse, dense, and a mixture of both, which is termed data
fusion. For dense retrieval, related components are investigated, such as base-model
selection and finetuning techniques. We also require a dataset for training the base
models, which is curated from scratch. Given the resource and time limitations of this
work, hand-curated data is not possible, nor feasible, and we instead rely on the cura-
tion of synthetic data through Large Language Model (LLM). For data fusion, various
multi-retrieval combinations and fusing techniques are researched and experimented
with. Lastly, given the real-world business requirement of this research, it is crucial to
implement a solution with limited resource consumption in mind, while also maintain-
ing high accuracy. The objectives of this research are as follows:

■ O1: Select the LLM and identify the prompting techniques for synthetically curat-

3
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ing the training and test datasets which will be used to finetune the base embed-
ding models for dense retrieval.

■ O2: Identify the negative sampling techniques to introduce negative examples
into the base synthetic datasets curated in O1. Compare the identified sampling
techniques with one another.

■ O3: Identify the base embedding models to use for embedding the queries and
tables.

■ O4: Identify the finetuning technique to train the base models selected in O3 using
the datasets curated in O1 and O2.

■ O5: Finetune and compare the base models selected in O3 using the training tech-
nique from O4 and the curated datasets from O1 and O2, and identify the optimal
resulting model for the table selection task.

■ O6: Evaluate and compare different data fusion techniques to potentially improve
on the optimal model identified in O5.

1.3 | Proposed Solution
The initial part of the research focused on determining the training technique we would
use to finetune a pretrained language model. We considered various approaches, but
ultimately settled on ColBERT (Khattab and Zaharia, 2020) given that our tables needed
to be represented with individual columns in mind. ColBERT’s use of late interaction
maximum similarity not only captures context across the entire table, but also excels
at capturing context within the individual columns themselves. We believed our re-
trieval requirement would benefit from such a characteristic. Further to this idea, Jin
et al. (2023), from whom our work takes much inspiration, demonstrate successful table
selection using the late interaction retrieval technique.

We also tasked ourselves with choosing a strong pretrained baseline model which
we would eventually finetune using the ColBERT method. We consulted a diversity
of models such as BERT (Devlin et al., 2019), SimCSE (Gao et al., 2021), BGE-small-
en-v1.5 (Xiao et al., 2024), and NoInstruct1, ultimately selecting the final model due
to it’s strong Massive Text Embedding Benchmark2 IR score. Further to its strength,
we found the model to also retain a smaller parameter and dimension size, which was

1https://huggingface.co/avsolatorio/NoInstruct-small-Embedding-v0
2https://huggingface.co/spaces/mteb/leaderboard

4

https://huggingface.co/avsolatorio/NoInstruct-small-Embedding-v0
https://huggingface.co/spaces/mteb/leaderboard


Chapter 1. Introduction 1.4. Document Structure

an important prerequisite for our business use-case. We also executed preliminary ex-
periments using some of the Titan v23 series embedding models provided by Amazon
Web Services (AWS), but upon achieving slightly less optimal results when compared
to NoInstruct, we decided to not employ the models. This decision was taken due to the
closed-source nature of the models, which would prevent us from finetuning them any
further.

Given the complete lack of training data, we decided to curate synthetic data using
LLM prompting. We used the Anthropic Claude 3 LLM to generate both our training
and test datasets, as at the time of this work this was the only LLM included within our
company’s subscription plan. Our prompt engineering setup was entirely inspired by
the work published by Gao et al. (2023), which prepends instructions with examples
to help encourage the model to generate more accurately. From this base dataset, we
then branched off into two training datasets, each using different sampling techniques
to select the negative examples per query-table pair. Given the success of NoInstruct,
we decided to adopt their uniform distribution and weighted probability distribution
sampling techniques for our work.

To achieve a broad spectrum of results, we decided to evaluate and compare three
retrieval techniques. We compared sparse retrieval through BM25, dense retrieval using
the NoInstruct and BERTBASE embedding models, and data fusion techniques through
Reciprocal Rank Fusion (RRF) (Cormack et al., 2020), CombMNZ (Fox and Shaw, 1993),
and Linear Combination (LC) (Wu et al., 2011). For dense retrieval we evaluated both
unfinetuned models, as well as finetuned using the ColBERT method. For data fusion,
we combined and evaluated the results of both sparse and dense retrieval methods.
Finally, we evaluated all approaches using the Mean Reciprocal Rank (MRR) and Hi-
tRate@k (HR) metrics.

1.4 | Document Structure
In the second section (2), we provide a detailed overview of the tools and techniques
used in this work, ensuring the reader gains a foundational understanding. Addition-
ally, we review relevant literature, including works addressing similar problems, as well
as those tackling different challenges but employing techniques applicable to our study.
In the next section, (3) we cover the details of our experiments by discussing tools, hard-
ware, techniques, configuration, and overall reasoning for our decisions. In this section,
the user will find all the necessary details to replicate our experiments. In the fourth

3https://aws.amazon.com/bedrock/amazon-models/titan/
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section (4), we demonstrate the raw results of our experiments while also evaluating
and discussing them. Finally, in the last section (5), we summarize our work, while also
discussing limitations and potential future research.

6



2

Background & Literature Overview

The task of selecting the best table to aid in downstream tasks, such as text-to-SQL,
can usually be simplified into a classification problem, where the question context
is mapped to a known class, which is ultimately mapped to a table. For the possi-
bility of such a system, all possible tables must be known from beforehand, while
also remaining static in their respective makeups. The challenge in this research lies
in the table-agnostic nature of the business use case, where tables are both entirely
unknown as well as ever-changing. It is for this reason that this research focuses
on Information Retrieval (IR) techniques within the field of Open Domain Question
Answering (ODQA), where the aim is to find the best matching entities within an un-
bounded corpus of data. This section consists of two subsections. The first discusses
the IR techniques (2.1) central to this work and the tools used for their implementa-
tion. The second subsection (2.2) reviews existing research with similar objectives,
as well as other works that employ techniques relevant to our work but ultimately
pursue different goals.

2.1 | Information Retrieval Techniques
In this section, we cover the tools and techniques this work uses to implement IR for the
task of table selection.

2.1.1 | BM25
Best Matching 25 (BM25) is a search relevancy algorithm used in IR and developed
over the course of several decades starting in 1960s until the 1990s (Robertson et al.,
2009). The algorithm functions on the premise of probability weighting, where shared

7
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terms between a query and document are given individual scores. The term scores
are summed and an overall score is applied to the query-document pair, allowing it
to be ranked for relevancy amongst other pairs. BM25 is formally described with the
following equation:

score(D, Q) = ∑
t∈Q

IDF(t) · f (t, D) · (k1 + 1)

f (t, D) + k1 ·
(

1− b + b · |D|avgDL

) (2.1)

where Q is the query containing the terms, D is the document being scored, f (t, D)

is the frequency of term t in document D, |D| is number of words in D, avgDL is the av-
erage document length in the collection, k1 is the term frequency saturation parameter,
b is the length normalization parameter, and IDF(t) is the Inverse Document Frequency
of term t, defined as:

IDF(t) = ln
(

N − nt + 0.5
nt + 0.5

+ 1
)

(2.2)

where N is the total number of documents in the collection and nt is the number of
documents containing the term t (Robertson et al., 1995).

2.1.2 | HNSW
Nearest Neighbor Search (NNS) serves as a crucial component across multiple fields, in-
cluding information retrieval, data mining, pattern recognition, machine learning, and
recommendation systems. It plays a fundamental role in enabling efficient data anal-
ysis and decision-making in these domains (Wang et al., 2021). As put by Indyk and
Motwani (1998), the nearest neighbor (NN) problem involves preprocessing a set of n
points P = {p1, . . . , pn} in a given metric space X to efficiently answer queries. Each
query requires finding the point in P that is closest to a given query point q ∈ X. A
major drawback of traditional NNS algorithms is their high time complexity of O(n), as
they rely on a brute-force approach that compares the query point to every document
point (Indyk and Motwani, 1998). This approach naturally suffers from the curse of di-
mensionality, hindering the algorithm’s use in settings retaining higher data volumes.
Over the years, researchers have developed various algorithms that address this chal-
lenge by approximating neighboring values, often at the cost of some accuracy. Indyk
and Motwani (1998) describe approximate nearest neighbor (ANN) as finding a point
p ∈ P that is an ϵ-approximate nearest neighbor of the query q such that for all:

p′ ∈ P, d(p, q) ≤ (1 + ϵ)d(p′, q) (2.3)

8
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Hierarchical Navigable Small World (HNSW), introduced by Malkov and Yashunin
(2020) is one such NN approximation algorithm employed by this work. HNSW is an
efficient approximate nearest neighbor search algorithm that organizes data in a multi-
layer graph structure, where each layer represents a different level of abstraction mo-
tivated by the skip-list data structure. It leverages a navigable graph to quickly tra-
verse and find nearest neighbors. The algorithm significantly improves time complex-
ity compared to brute-force search, with query time complexity improving from O(n)
to O(log n). The HNSW algorithm can be further finetuned by using the adjustable pa-
rameters originally introduced by Malkov and Yashunin (2020). For instance, ef_search
controls the search effort and ef_construction affects the quality of the graph construc-
tion, while m is the maximum number of neighbors permitted for each node, impacting
both the graph’s connectivity and the search efficiency. By adjusting these parameters,
one can balance accuracy and speed. A higher ef_construction improves the graph qual-
ity and search accuracy, but comes with a higher construction cost; similarly, a higher
ef_search improves search precision but at the expense of slower queries.

2.1.3 | Context Embeddings
Context embeddings are floating-point vector representations which capture the seman-
tics meaning of text. Different texts represented in this form and mapped to the same
vector space can be used to perform powerful operations concerning their correlation
with one another. In this work, context embeddings are used to perform ANN Search
(ANNS) for selecting the table with greatest relation to the natural query. This sub-
section covers some of the different algorithms, architectures, and techniques used to
generate such embeddings.

2.1.3.1 | Transformers

The Transformer model, introduced by Vaswani et al. in Attention Is All You Need (2017),
revolutionized natural language processing by eliminating recurrence and relying en-
tirely on self-attention mechanisms. This novel approach solved the memory and computation-
time problems of the recurrent neural network (RNN) and long short-term memory
(LSTM) architectures. At the time, these architectures were considered the state of the
art (Vaswani et al., 2017). The Transformer model efficiently processes input sequences
in parallel, making it significantly faster than traditional recurrent models while achiev-
ing superior performance in various tasks. Central to the Transformer architecture
is self-attention, a mechanism that dynamically assigns weights to words based on
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their contextual relevance within the sequence. This is computed using the scaled dot-
product attention function:

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V (2.4)

where Q is the input-query matrix, K is the input-key matrix, V is the representation
matrix, dk is the dimentionality of the input-key matrix, QKT is the dot-product of the
input-query and input-key matrices, and QKT

√
dk

is used as a scaling factor to prevent large
values during training. As explained by Vaswani et al., the Transformer model utilizes
multi-head self-attention to capture diverse word relationships in parallel, enriching
feature representation through concatenation and linear transformation. Positional en-
codings address the absence of recurrence, enabling word order understanding. Each
layer is comprised of multi-head self-attention and a position-wise feedforward net-
work, both followed by layer normalization and residual connections. The encoder
stacks multiple layers, while the decoder adds masked self-attention to prevent future
token influence during training.

2.1.3.2 | BERT

BERT (Devlin et al., 2019), which stands for Bidirectional Encoder Representations from
Transformers, is an encoder Transformer model which processes both left and right to-
ken contexts concurrently. Previous to BERT, tokens were processed in a unidirectional
fashion such as the model presented by Kiros et al. (2015). Other models like ELMo
(Peters et al., 2018) also processed both left-to-right and right-to-left contexts, but inde-
pendent of one another. Instead, the authors of ELMo individually processed the two
contexts and later concatenated them to form a single representation. BERT’s novel ap-
proach found major success, and consequently set new state of the art results for 11 NLP
tasks (Devlin et al., 2019).

BERT uses a technique called Masked Language Modeling (MLM). In MLM, 15% of
the tokens in a sentence are selected for possible masking. Of these, 80% are replaced
with the reserved [MASK] token, while the remaining 20% are either left unchanged or
replaced with a random word. The model learns to reconstruct the original words by
considering context from both the left and right. This two-way contextual understand-
ing allows BERT to grasp word meanings and their relationships with greater accuracy.
Additionally, BERT uses a technique called Next Sentence Prediction (NSP). In NSP,
the model is trained to determine whether one sentence logically comes after another
in a sequence. This dual pre-training strategy allows BERT to excel at various natural

10



Chapter 2. Background & Literature Overview 2.1. Information Retrieval Techniques

language processing tasks like question answering, sentiment analysis, and language
inference.

Besides the [MASK] token, BERT is trained utilizing additional tokens such as the
[CLS], [SEP], and [PAD] tokens. The [CLS] is added once at the beginning of the input
sequence indicating the start of a sequence, while [SEP] is used to show separation be-
tween sentences within a single sequence. The [SEP] token is also expected at the end
of the entire input. Lastly, the [PAD] token is trained to be ignored by the BERT archi-
tecture as is simply a means of maintaining the same sequence lengths across different
sequences sharing the same processing batch. Batching is a common technique used to
improve efficiency when processing multiple sequences.

Along with the release of their paper, Devlin et al. established two BERT models -
BERTBASE and BERTLARGE. The former having 12 layers, 768 dimension vectors, 12 self-
attention heads, and 110M parameters, while the latter having 24, 1024, 16, and 320M,
respectively. While BERTLARGE outperformed it’s smaller sibling across all NLP tasks,
BERTBASE still showed considerable improvement over the other state of the art models
at the time (Devlin et al., 2019). For our experiments shown later (2.2), we use BERTBASE

as it is naturally less computationally intensive during both training and inference time.

2.1.3.3 | BAAI BGE

BAII General Embedding (BGE) is a group of embedding models released by the Beijing
Academy of Artificial Intelligence (BAAI) by authors Xiao et al. (2024). The family
of models consists of three models, offering the flexibility to trade off efficiency and
effectiveness as required: small, base, and large, with 24M, 102M, and 326M parameters,
respectively. All models are based on BERT-like (Devlin et al., 2019) architecture. Their
smallest model, which we again reference later in this work (2.1.3.4), is formally called
BGE-small-en-v1.5, and it generates vectors of 384 dimension. To train the models, the
authors implement a three-stage recipe consisting of pre-training, contrastive learning,
and multi-task learning.

The models are first pretrained using a large collection of plain text data, optimizing
it specifically for embedding tasks. They utilize a self-curated corpora gathered from
Wikipedia, social media websites, and news websites. Their approach is based on the
RetroMAE (Xiao et al., 2022). In this process, they introduce noise into the text, encode
it into embeddings, and then use a lightweight decoder to reconstruct the original clean
text. The objective is to minimize the reconstruction loss, ensuring the model learns
meaningful representations through this encoding-decoding framework:
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min ∑
x∈X
− log Dec(x | eX̃), eX̃ ← Enc(X̃). (2.5)

where Enc indicates the encoding operation, Dec indicates the decoding operation,
and X and X̃ indicate the clean and polluted text, respectively.

For the second step, the models are finetuned on unlabeled data via contrastive
learning, where true-positives (TP) are learned to be discriminated from their true-
negatives (TN). Negatives are selected using in-batch sampling (Karpukhin et al., 2020)
with batch sizes of up to 19,200. The authors use the following contrastive loss formula:

min ∑
(p,q)
− log

(
e⟨ep,eq⟩/τ

e⟨ep,eq⟩/τ + I ∑Q′ e
⟨ep,eq′ ⟩/τ

)
(2.6)

where p and q are the paired passage and query, q′ ∈ Q′ is a sampled negative, and
τ is the temperature.

For the final step in the recipe, the pre-trained models are further finetuned using
smaller, but higher quality data sets. During training, the authors leverage instruction-
based tuning (Asai et al., 2023) by attaching a verbal instruction prompt to the query
side of the query-passage pair. This is done to mitigate conflicts between ambiguous
pairs naturally occurring in the different datasets. Additionally, one hard negative is
mined per query-passage pair following the ANN-style (Xiong et al., 2021) sampling
strategy.

2.1.3.4 | GIST

Built on top of the BGE-small-en-v1.5 model (Xiao et al., 2024) is the GIST-small-Embedding-
v0 (GIST) (Solatorio, 2024) embedding model. During the training of this model, Sola-
torio takes into consideration only those negatives which are truly unrelated to the pos-
itive query-passage pair. For filtering out the negatives, the author utilizes a secondary
scoring model originally trained by Li and Li named WhereIsAI/UAE-Large-V1 (Li and
Li, 2024). Solatorio uses this model to first vectorize both positive and in-batch-negative
queries and passages so that the negative vectors can then be compared with the pos-
itive using cosine similarity. Those negative texts producing a similarity score greater
than the positive-query-passage pair are removed from the negative training batch (So-
latorio, 2024). This is done in an effort to remove any negative passages or queries which
are highly likely to be relevant to the target query. InfoNCE loss (van den Oord et al.,
2018) is used to train the model to distinguish between related and unrelated pairs:
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L ∼ esim(qi ,p+i )/τ

esim(qi ,p+i )/τ + ∑j∈B esim(qi ,p−j )/τ
(2.7)

where (qi, p+i ) are the related pairs, p−j are the unrelated samples, sim represents
the cosine similarity in the case of GIST, and B is the universe of batch negatives from
which p−j are sampled. Temperature τ, typically within the range [0.01, 0.1], regulates
the concentration of the similarity scores.

Extending further on the GIST work, Solatorio has since released a followup model
which demonstrates an improvement in IR. This model outperforms both the original
GIST model, as well as the base BGE-small-en-v1.5 model across most IR tasks. The same
encoder is used for both queries and passages, but with different embedding strategies:
for passages, the embedding of the [CLS] token from the last layer is used, while for
queries, a single representation is used for all token embeddings by using mean-pooling:

e =
1
n

n

∑
i=1

xi (2.8)

where e is the mean-pooled embedding, n is the number of embeddings, and xi rep-
resents each embedding of equal dimension. The new model, called NoInstruct-small-
Embedding-v0 (NoInstruct), is available for download on HuggingFace (HF)1. However,
there are currently no scientific references available for the author’s work. As of this
writing, the author notes on the model’s HF page that technical details will be pub-
lished soon. Despite this, we choose to use the model in later experiments (3) due to
its smaller size and strong performance in IR, as demonstrated by its Massive Text Em-
bedding Benchmark (MTEB) score (Muennighoff et al., 2023) - a large-scale benchmark-
ing suite for evaluating text embedding models across diverse tasks. The MTEB leader
board can be viewed on HF2.

2.1.4 | OpenSearch
OpenSearch3 is an open-source full-text search platform built on top of the Apache
Lucene4 engine. More specifically, it is a community-driven fork of the popular Elas-
ticsearch5, managed and led by Amazon Web Services (AWS). OpenSearch supports
both sparse and dense search, providing options for a multitude of algorithms, two

1https://huggingface.co/avsolatorio/NoInstruct-small-Embedding-v0
2https://huggingface.co/spaces/mteb/leaderboard
3https://opensearch.org/
4https://lucene.apache.org/
5https://www.elastic.co/elasticsearch
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of which being BM25 and HNSW. For the former, various tokenization techniques
are available, with the default one being the standard tokenizer. This tokenizer uses
grammar-based tokenization, following the Unicode Text Segmentation algorithm out-
lined in Unicode Standard Annex #296. For example, using the standard tokenizer on
the text "The 2 QUICK Brown-Foxes jumped over the lazy dog’s bone." would result in the
following tokens:

[ the, 2, quick, brown, foxes, jumped, over, the, lazy, dog’s, bone ]

where a search term would only match if any of the terms in the tokenized list are a
case-insensitive exact-match of the term. For instance, both "quick", as well as "QUICK"
would match the document, while "quickly" or "quickest" would not. During a search,
the query is also tokenized in the same fashion. In this work, we only make use of this
default tokenizer when performing BM25 search.

For HNSW, OpenSearch uses the Facebook AI Similairty Search (FAISS)7 library as
the underlying similarity search engine. Using this library, OpenSearch indexes pro-
vided vectors into the HNSW graph space and performs similarity search using either
cosine similarity or Euclidean Distance, depending on which function is configured.
Cosine similarity can be formally described as:

cos_sim =
A · B
∥A∥∥B∥ (2.9)

where ∥A∥ is the length of vector A, ∥B∥ is the length of vector B, and A · B is the
dot product between vectors A and B. The dot product is defined as:

A · B = |A||B| cos θ (2.10)

where |A| and |B| denote the lengths of vectors A and B, while θ is the angle sepa-
rating them. Two dimensional Euclidean Distance, on the other hand, can be formally
described as:

d =
√
(p1 − q1)2 + (p2 − q2)2 (2.11)

where p and q represent points with coordinates (p1, p2) and (q1, q2), respectively.
Furthermore, OpenSearch exposes the configurable HNSW parameters discussed in
previous sections (2.1.2), such as ef_construction, m, and ef_search. All configurations
used for our experiments are described in later sections (3).

6https://unicode.org/reports/tr29/
7https://github.com/facebookresearch/faiss/
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2.1.5 | Data Fusion
Frank Hsu and Taksa (2005) define data fusion as a collection of methods that integrate
multiple relevant pieces of evidence to enhance the performance of IR systems. Ac-
cording to Beitzel et al. (2004), under the right circumstances, data fusion can improve
overall results, but on the contrary can cause them to degrade if certain rules are not
followed. For instance, they state that fusing the results of retrieval strategies which are
already strong in isolation is one scenario where performance is more likely to degrade.
In our work, we experiment with this observation in later sections (4.3). We employ
both rank-based and score-based fusion techniques: the former only considers the doc-
ument’s ranking position, while the latter relies solely on its relevance score (Wu et al.,
2011). The following subsections discuss some of the specific data fusion techniques
used by this work.

2.1.5.1 | Reciprocal Rank Fusion

Reciprocal Rank Fusion (RRF) (Cormack et al., 2009) is a simple rank-based data fusion
algorithm which requires no training. The algorithm can be formally defined as:

RRF(d ∈ D) = ∑
r∈R

1
k + r(d)

(2.12)

where D represents the set of documents to be ranked, R represents the set of rank-
ings per retrieval strategy, and k is a constant which mitigates the impact of outlier
rankings. The authors settle on k = 60 as it performed best in their initial investigations.

2.1.5.2 | Combined Mass Normalized Z-score

Combined Mass Normalized Z-score (CombMNZ) (Fox and Shaw, 1993) is a score-
based data fusion technique which takes into consideration both document scores and
document occurrences across all ranked lists. The scores for all ranked lists are first
individually normalized using a normalization technique. CombMNZ can be defined
as:

CombMNZ(d) =

(
N

∑
i=1

Scorei(d)

)
× F(d) (2.13)

where CombMNZ(d) is the normalized score of document d in the ith retrieval sys-
tem, F(d) is the number of retrieval systems where document d appears in, and N is the
number of retrieval systems or number of rank lists. While MinMax and Z-score are both
popular normalization techniques, in this work we only make use of MinMax:
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X′ = a +
(X− Xmin)(b− a)

Xmax − Xmin
(2.14)

where X is the document’s relevancy score assigned by the retrieval algorithm, X′

is the normalized score of X, Xmin and Xmax are the minimum and maximum relevancy
scores in the set of scores, respectively, and a and b are the lower and upper bounds of
the desired range to which the data is normalized. Common values for a an b are 0 and
1.

2.1.5.3 | Linear Combination

Linear Combination (LC) (Wu et al., 2011) is another data fusion technique which uses a
score-based approach. The difference in this algorithm is that it uses a pretraining step to
learn the weights which are used during final ranking. The algorithm uses Multiple Lin-
ear Regression (MLR) to find the combination of weights that produce the least amount
of error, or Least Squares Error (LSE). According to the authors, in the LSE approach, the
coefficients derived from MLR enable the optimal fusion outcomes through the Linear
Combination technique, as they allow for the most precise estimation of the relevance
scores for all documents in relation to all queries. Wu et al. define Linear Combination
as:

M(d, q) =
n

∑
i=1

βi · si(d, q) (2.15)

where n is the number or IR systems ir1, ir2, ..., irn, q is the target query, and d is the
document. Each IR provides a result ri comprised of relevancy scores. si(d, q) is the
normalized score of the document d in result ri. βi is the weight assigned to IR system
iri and M(d, q) is the Linear Combination score for d and q. For score normalization,
the authors use a binary logistic regression model to estimate the scores, but they also
state that other techniques may be used. In our work, we use MinMax normalization
as shown later (3). As mentioned, for learning the weights βi to βn, MLR is employed,
which is defined as:

q =
m

∑
i=1

r

∑
k=1

[
yi

k −
(

β̂0 + β̂1si
1k + β̂2si

2k + · · ·+ β̂nsi
nk

)]2
(2.16)

where m is the number of queries, n is the number of IR systems, and r is the total
number of documents in document collection D. The authors conduct two experiments,
first with r = 1000 and then with r = 20, observing only a 0.3% difference in perfor-
mance. However, the latter reduces training time by a factor of 20. For each query qi,
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each IR system provides a score for each document in D. Every IR system irj assigns
score si

jk for document dk and query qi. yi
k is the judged relevance score of dk for query qi.

In this work, we use 1 for relevant and 0 for irreverent since our business requirement
does not allow a table to be partially correct. Finally, LSE is used to learn the combina-
tion of coefficients β̂0, β̂1, β̂2, . . . , β̂n for which the error is the least. Here, β̂1 represents
the first IR system, β̂2 represents the second IR system, and so on. The authors do not
include β̂0 since it has no effect on the outcome.

2.1.6 | Anthropic Claude
The introduction of context-aware models such as the LSTM-based ELMo (Peters et al.,
2018) and the Transformer-based BERT (Devlin et al., 2019) marked the emergence of
a new class of models known as pretrained language models (PLM). These models es-
tablished a strong baseline, providing a foundation for further fine-tuning to optimize
performance on specific downstream tasks. Researchers discovered that significantly
scaling up base PLMs led to different behaviors compared to their smaller predecessors,
giving rise to a new category known as Large Language Models (LLM). GPT-3 (Brown
et al., 2020), having 175B parameters, is one such model within this category demon-
strating remarkable chat dialog capabilities and in-context learning (Zhao et al., 2023).
Other popular LLMs include a successor to GPT-3 called GPT-4 (Achiam et al., 2023),
Google’s T5 (Raffel et al., 2020), Meta’s LLaMa (Touvron et al., 2023), and various others,
each retaining their individual strengths.

In our work, we utilize the Claude 3 Sonnet LLM developed by Anthropic, with its
predecessor models being introduced in the work titled A General Language Assistant as a
Laboratory for Alignment (Askell et al., 2021). In this work, Askell et al. aim to develop an
AI assistant that aligns with human values and expectations. The authors encapsulate
this goal through three key principles: helpfulness, honesty, and harmlessness. Unfor-
tunately, Claude 3 Sonnet is only recently released and is not open-sourced, so details
into the inner-workings and training procedures would be speculative. It should also be
noted that our work is limited to the use of this LLM due to the limitations of the current
subscription plan subscribed to by our company. For the synthesis of our datasets, we
use the Amazon Bedrock8 iteration of Claude 3 Sonnet called anthropic.claude-3-sonnet-
20240229-v1:0, which has a parameter size of roughly 175B, a 200k context window, and
8,192 output token size. This is done using prompt-engineering techniques described
later (3).

8https://aws.amazon.com/bedrock/
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2.1.7 | Negative Sampling
Given that our work takes inspiration from existing training methods which utilize con-
trastive loss functions, it is vital that our datasets include high-quality examples. Con-
trastive learning relies on two main pieces of information: positive pairs (q, p+) and
negative pairs (q, p-), where q is the query and p+ and p- are the positive and nega-
tive passages for q, respectively. The training goal directs the learned representation to
position positive pairs close to each other and negative pairs farther apart (Robinson
et al., 2020). For our specific task of table selection, the choice of positive example is
straightforward, as the answer to a query is of a binary nature; for a given query, only
a single table can be the TP, while all others are fully irrelevant. Contrary to this, the
task of selecting a negative example is not as straightforward, as different negative sam-
pling techniques lead to a difference in the behavior of the model ultimately trained.
While there are a multitude of negative sampling techniques, our work implements and
compares just two of them - these techniques are uniform distribution and weighted
probability distribution.

2.1.7.1 | Uniform Distribution

While training GIST (Solatorio, 2024), the author uses uniform distribution to select the
negative examples for their training dataset. In our work, we take inspiration from
this technique to also select our own negatives. Solatorio defines their approach in two
steps. First, the top-K most similar passages are retrieved using cosine similarity and an
embedding model of choice. For K, 100 is chosen. Secondly, a random selection is made
on the top-K, where all members have equal chance of being selected. In our work, we
decide to incorporate the entire corpus instead of the top-K since only a single table can
be relevant for any given query; although we believe that closely following the top-K
approach is a strong candidate for future research.

2.1.7.2 | Weighted Probability Distribution

Taking further inspiration from Solatorio (2024), we use weighted probability distribu-
tion to build an additional training dataset. It should we noted that Solatorio uses this
technique to select their query positives, but we use it to select our negatives. The author
defines the technique as:

π = Softmax
(

TopK(θ)

τ

)
(2.17)
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where TopK(θ) is the top-K-most similar passages for a query using the cosine sim-
ilarity method and an embedding model of choice, and τ is a temperature parameter
to control the distribution density of the So f tmax function. The authors then assign a
positive example to the query by probabilistically selecting from the top-K using the
weighted probability. They use 100 for K and 0.005 for temperature τ. Unlike uniform
distribution, the more similar a passage is to the target query, the higher the chance it
has of being selected. For our work, we implement a slight variation of this method
by negating the So f tmax step. Instead, we first sort on similarity score descending and
then build the probability weights based on positional ranking, resulting in:

wi =
i + 1

1
, for position i = 1, 2, . . . , n (2.18)

As with Solatorio’s So f tmax technique, passages with higher similarity have higher
chances of selection. Actual implementation values are discussed in further detail later
in this work (3).

2.1.8 | Natural Language Toolkit
Natural Language Toolkit (NLTK) (Bird, 2006) is a comprehensive library for natural
language processing (NLP) in Python, designed to assist researchers in working with
natural language data. It offers access to a wide range of linguistic datasets and lex-
ical tools, including WordNet, and comes equipped with modules for various natural
language processing tasks like text analysis, classification, tokenization, stemming, part-
of-speech tagging, and syntactic parsing. NLTK is highly modular, offering high-level
functionality making it a versatile toolkit for handling various NLP tasks.

This work primarily makes use of the NLTK’s parsing module, which is designed to
analyze and process sentence structure, enabling the extraction of grammatical relation-
ships within text. It includes several powerful parsers which can handle context-free
grammars. NLTK’s parsing module allows users to build syntax trees that represent the
grammatical structure of sentences, providing insights into sentence composition. This
functionality is essential for tasks like syntax analysis, syntactic parsing, and under-
standing the hierarchical structure of language, all of which are foundational for more
complex NLP tasks. As an example taken directly from Bird’s work (2006), the sentence
"John saw a cat with my ball" can be parsed and tagged by the NLTK parser module to
output the following grammar tree:
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"John saw a cat with my ball"

NP

John

VP

V

saw

NP

Det

a

N

cat

PP

P

with

NP

Det

my

N

ball

As demonstrated in the example grammar tree, natural language text can be de-
composed into individual words and phrases, each associated with its respective gram-
matical tag. In the example, the abbreviations have the following meanings: NP=noun
phrase, VP=verb phrase, V=verb, Det=determiner, N=noun, PP=prepositional phrase, and
P=phrase. This functionality can then be leveraged for subsequent tasks, as illustrated in
later experiments (3).

2.2 | Literature Review
This section explores existing works that align with our objectives (2.2.1), as well as
those which employ techniques relevant to our research (2.2.2). We first start out by
discussing the former, which to the best of our knowledge are quite limited in number.
We then discuss some of those works which do not share the same objectives, but make
use of IR techniques which relate to our task of table-selection.
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2.2.1 | Table Selection
Open Domain Table Question Answering (ODTQA) by Jin et al. (2023) is the work
that most closely aligns with our objectives, particularly due to its ability to handle a
large and diverse number of tables. Given a natural query, the authors train a model
to differentiate between relevant and irrelevant tables. Jin et al. utilize NLTK to extract
noun phrases from the input question. These noun phrases are subsequently passed
through the BERTBASE model, where mean pooling is applied to the embeddings of each
phrase, resulting in a single pooled embedding per noun phrase. The table structure is
then linearized by concatenating column names with their respective cell values in a
sequential format. The linearization process follows a structured order, where column
names are followed by a subset of their corresponding cell values, ensuring a consistent
format for downstream processing. As an example, a table with three columns and two
entries may be linearized like so:

NAME john amy AGE 31 38 ADDRESS 4th street apt 15 17 pioneer way

where NAME, AGE, and ADDRESS are the column names, and john 31 4th street
apt 15 is the first entry, and amy 38 17 pioneer way is the second entry.

For each table column, the authors compute two separate embeddings: one for the
column name and another for the first value in the column. The column name embed-
ding is generated through mean pooling over all token embeddings corresponding to
the column name, accounting for multi-token column names. A similar pooling process
is applied to the first cell value within each column. This results in each column being
represented by two distinct embeddings: one for the column name and another for its
first value.

During the retrieval process, each pooled query noun-phrase embedding is com-
pared against the column-name and column-value embeddings using NNS. The highest
similarity score for each noun phrase is selected, and these scores are aggregated at the
table level. The table with the highest cumulative score is chosen as the most relevant.
The score calculation can be formulated by:

wij = qi · cj (2.19)

Score =
n

∑
i

max
j∈[1,2m]

wij (2.20)

where qi is a single query phrase representation, cj is a single table representation,
and wij is their similarity calculated using the Dot Product. The number of phrase rep-
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resentations for the target query is represented by n, while m represents the number of
columns for the target table. The second equation is a scoring approach called late inter-
action maximum similarity (MaxSim) adopted from the ColBERT (Khattab and Zaharia,
2020) paper, which is discussed in the upcoming section (2.2.2).

Jin et al. finetune their model using two datasets called WikiSQL (Zhong et al., 2017)
and NQ-TABLES (Herzig et al., 2021), both consisting of natural language query and ta-
ble pairs. To measure the accuracy of their implementation, the authors use the recall@k
(R@k) and exact-match (EM) metrics. The former can be described as:

Recall@k =
|R ∩Ak|
|R| (2.21)

where |R ∩ Ak| is the set of relevant items for a given query, and |R| is the set of
top-k items retrieved by the retrieval system, while EM can be described as a strict mea-
surement where the true answer must be contained within the set of returned results.
If the answer is present, a score of 1 is given, otherwise 0. Using their novel table se-
lection approach, Jin et al. achieve strong results for both datasets, with a R@5 score of
77.63 and an EM score of 45.42 for WikiSQL, and a R@10 of 90.41 and an EM of 39.72 for
NQ-TABLES.

Unfortunately, we find the full implementation details of this effort to be somewhat
ambiguous, and therefore a replication of this work is not attempted. For instance, it is
not certain what contrastive learning functions were used to finetune the BERT encoder.
It is also not evident whether a single encoder approach was implemented, or rather
a dual encoder. Furthermore, it is not clear to us what negative sampling techniques
were utilized. While the authors do indeed reference other works throughout their ex-
planations, we feel that a certain degree of speculation would be required. At present,
the code for ODTQA is not publicly available, but after reaching out to the authors, we
were provided with the NLTK logic which was used to extract query noun phrases. De-
spite our uncertainty, we would like to highlight that our work is heavily inspired by
Jin et al.’s work, as will be seen later in our experiments (3).

A second work which also aims to select the best table given a natural query is the re-
search conducted by Chopra and Azam (2024). Despite similar objectives, the approach
implemented by the authors suffers from sufficient enough throughput to handle higher
numbers of tables. The authors state that databases containing a few hundred tables or
more may pose processing time issues. As already mentioned, the business use-case
of our work requires fast response times and the ability to handle such table numbers.
Nevertheless, the work published by Chopra and Azam provides useful knowledge and
techniques for the task of table selection.
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In their work, Chopra and Azam first curate an in-house dataset based on the popu-
lar Spider (Yu et al., 2018) text-to-SQL dataset. Taking the natural queries and structured
tables from Spider, the authors construct a three-attribute training dataset consisting of
the natural query, SQL query, and an array of table names representing the label. Unlike
our work, Chopra and Azam train their models to support a multi-tble setting, by incor-
porating natural queries which require data from multiple tables. The authors employ a
binary classification approach: given a natural query and a table, infer the classes (table
names) which are required to answer the query. They formalize their approach as:

f (q, d)→ {Ti . . . Tj} ∈ {Ti . . . Tj} ⊆ d, d = {T1, T2, . . . , Tk} (2.22)

where q represents the query, d represents all tables {T1, T2, . . . , Tk} in the corpus,
and f (q, d) represents the task to select the tables {Ti . . . Tj} ∈ {Ti . . . Tj} in d which are
required for the formulation of the SQL query based on q. As base models, the authors
compare the performance of a mixture of encoder and decoder models, with the best
performing model, DeBERTa (He et al., 2020), originating from the former architecture.
During inference, the input is provided in the BERT-style form of:

[CLS][W1] . . . [Wn][SEP][S1] . . . [Sn][SEP][PAD] . . . [PAD] (2.23)

where [W1] . . . [Wn] represents the query tokens and [S1] . . . [Sn] represents the tokens
of a single table definition. The embedding outputs from DeBERTa are then pooled
and fed forward to a fully connected layer, whose output is subsequently passed to a
classifier. Finally, the raw logits produced by the classifier are used to assess the scores
of each possible table, retaining only those surpassing a defined threshold of 0.5. The
model is trained for a total of 10 epochs with a learning rate of 5e− 5 using the Adam
optimizer (Kingma and Ba, 2014) to enhance performance and accelerate convergence
during training.

For measuring the performance of their approach, Chopra and Azam utilize two
separate metrics called Normalized Discounted Cumulative Gain (NDCG) and Mean
Average Precision (MAP). The former metric can be described as:

NDCGp =
DCGp

IDCGp

DCGp =
p

∑
i=1

2reli − 1
log2(i + 1)

IDCGp =
p

∑
i=1

2rel∗i − 1
log2(i + 1)

(2.24)
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where DCGp denotes the Discounted Cumulative Gain at position p, and IDCGp

represents the optimal DCG at the same position. The variable reli refers to the relevance
score of the item ranked at position i, while rel∗i indicates the relevance scores of the best
possible ranking. MAP can be formally described as:

MAP =
1
|Q| ∑

q∈Q
AP(q) (2.25)

where Q represents all queries, |Q| is the total number of queries, and AP(q) is the
Average Precision (AP) for a single query q. AP can be formulated using:

AP(q) =
1
R

n

∑
k=1

P(k) · rel(k) (2.26)

where R is the total number of relevant documents for query q, P(k) is the precision
at rank k, and rel(k) is a binary function which outputs 1 when rank k is relevant, and 0
when irrelevant. Lastly, n is the total number of retrieved documents. Using these two
metrics, Chopra and Azam report strong scores of 0.947 and 0.938, respectively.

As a final work, we also consider the table selection implementation published by
Zhang and Balog (2018). Using tables from the WikiTables (Bhagavatula et al. dataset,
2015) and queries sourced from Amazon’s Mechanical Turk platform, Google’s Squared,
as well as crowdsourcing, Zhang and Balog extract their respective terms using two
methods. The first method extracts only the unique terms from the individual queries
and tables. For the former, all words in the query are considered, while for latter,
all words in the table’s title, caption, and headings are taken into account. The sec-
ond method follows an entity-based approach, considering only the entities present in
queries and tables by utilizing a lookup knowledge base known as DBpedia (Auer et al.,
2007). For queries, the process is straightforward by selecting the produced entities, but
for tables the process is further finetuned. Here, only entities which are from the core-
column are chosen, which the authors define as the column housing the greatest number
of entities. Further entities are retrieved from the table’s page title and caption by limit-
ing the number of entities to a k-value. All three table components are aggregated and
represented using the following:

{t1, . . . , tm} = Ecc ∪ Rk(Tpt) ∪ Rk(Ttc) (2.27)

where {t1, . . . , tm} represents the table terms, Ecc represents the entities belonging
to the core-column, and Rk(Tpt) and Rk(Ttc) represent the k-selected entities from the
table’s page title and caption, respectively.
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The query and table terms are then individually vectorized using two methods. The
first method uses a sparse vector approach where each term is represented as a 0 or 1
depending on which entities in the DBPedia knowledge base match the current term.
The second method also vectorizes the individual terms, but instead using dense em-
beddings generated by both a word embedder called Word2Vec (Mikolov et al., 2013),
as well as a Graph embedder called RDF2vec (Ristoski and Paulheim, 2016). During
inference, a combination of early-fusion and late fusion are used to measure the similar-
ity between a target query and the corpus of tables. In early-fusion, the centroid of the
query term embeddings is compared with the centroid of the table term embeddings. In
late-fusion, pairwise similarity is calculated amongst all query and table term embed-
dings, which are then aggregated. For calculating the similarity in either fusion type,
the authors use cosine similarity. Finally, the similarity scores for both fusion types are
combined. Zhang and Balog achieve a NDCG@5 score of 0.5951, and a NDCG@10 score
of 0.6293.

2.2.2 | Information Retrieval for Structured Data
Table selection involves mapping a natural language query to a structured representa-
tion. Given the nature of our research, we naturally consulted studies that focus on data
with similar characteristics, even if their objectives differed from ours. One such exam-
ple is SANTA (Li et al., 2023), where a single T5 (Raffel et al., 2020) model is finetuned
to represent the vectors of product descriptions and structured product bullet points in
proximity. Given the text-to-text nature of T5, Li et al. intercept the encodings before
they are forwarded to the decoder and instead use the embeddings to train the model
via contrastive learning. The authors integrate two pretraining strategies, Structured
Data Alignment (SDA) and Masked Entity Prediction (MEP), jointly optimized using:

L = LSDA + LMEP (2.28)

SDA treats structured data as documents and descriptions as queries, learning to
align them through contrastive loss and in-batch negatives. Meanwhile, MEP masks
structured data entities by assigning a mask-token to recurring entities, training the
model to predict masked entities without relying on negative sampling. This approach
emphasizes structure-aware learning, specifically selecting noun phrases and code iden-
tifiers as entities.

Other works, such as TaPas for QA (Herzig et al., 2021) and UTP (Chen et al., 2023)
also implement IR systems based on structured data. More specifically, these works
focus on generating representations for natural language text and structured tabular
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data, each with a different approach. For instance, Herzig et al. leverage the base TaPas
(Herzig et al., 2020) model which supports queries and flattened tables in a single se-
quence. This is possible due to the TaPaS model itself originating from the BERTBASE

model, which allows for separation of texts by using the [SEP] token. Queries are pro-
vided using the form:

[CLS][Q1] . . . [Qn][SEP][PAD] . . . [PAD]

where Qi is the token of the ith word in the query. Tables are provided as a concate-
nation of table title and flattened body, where body, in turn, is a concatenation of all
columns followed by all cell values.

[CLS][TT1] . . . [TTn][SEP][T1] . . . [Tn][SEP][PAD] . . . [PAD]

where TTi is the token of the ith word in the table title, and Tj is the token of the jth

word in the table’s flattened body. The authors employ a dual-encoder setup with two
TaPaS models: one for queries and another for flattened tables. They utilize the [CLS]
token output embeddings from each model for subsequent table retrieval via NNS. The
retrieved tables are then used for further downstream QA tasks.

Similar to TaPaS for QA, Chen et al. also utilize the TaPaS base model for further
finetuning, but instead only use a single model to embed representations. Further-
more, instead of natural queries to accompany the tables, the authors use natural text
descriptions surrounding the respective tables. Chen et al. implement their training
in two phases. First, they employ the BERT-style MLM technique by masking 15% of
tokens. They then utilize a cross-modal contrastive loss function to enhance represen-
tation learning. To encourage learning and input diversification, the authors train the
model to learn on three types of input: table description only, flattened table only, and
both table description and flattened table:

Xw = [CLS][w1] . . . [wn][SEP][PAD] . . . [PAD]

Xt = [CLS][t1] . . . [tn][SEP][PAD] . . . [PAD]

Xwt = [CLS][w1] . . . [wn][SEP][t1] . . . [tn][SEP][PAD] . . . [PAD]

where wi is the token of the ith word in the table description text and tj is the token
of the jth word in the flattened table. Finally, the authors use last-layer mean pooling to
generate representations of the input tokens.

As our final discussion, we focus on ColBERT, introduced by Khattab and Zaharia
(2020). Our interest in this approach was initially prompted by our reading of ODTQA

26



Chapter 2. Background & Literature Overview 2.2. Literature Review

by Jin et al., which inspired us to explore the potential of ColBERT. Unlike the previous
works discussed in this section, ColBERT does not primarily focus on structured data,
but instead serves as a training technique for general IR. The benefit of ColBERT for our
table selection task is it’s approach to representation and scoring, which uses contextu-
alized late interaction to estimate the similarity between a query and document. Given
query q, document d, and their relevance Sq,d, the late interaction technique employed
by ColBERT can be formularized as:

Sq,d := ∑
i∈|Eq|

max
j∈|Ed|

Eqi · ET
dj

(2.29)

where |Eq| is the number of embeddings for q, |Ed| is the number of embeddings
for d, and (maxj∈|Ed| Eqi · ET

dj
) is the single document embedding dj within Ed which is

most similar to the target query embedding qi. This operation is performed for all docu-
ments, ultimately producing a score for the query in question and all corpus documents.
More specifically, the authors title this approach as maximum similarity contextualized
late interaction, or MaxSim for brevity. Figure 2.1 illustrates ColBERT’s late interaction
MaxSim architecture. We believe this technique works well for the task of table selection
based on the granular comparison of individual components making up the query and
table. As put by Jin et al. (2023), the MaxSim technique is analogous to how a human
would choose a table based on a query, which is by choosing the one with the most fine-
grained keyword matches between itself and the query. Figure 2.2, taken from Jin et al.,
illustrates granular semantic matching over tables.
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Figure 2.1: A depiction of ColBERT’s late interaction maximum similarity architecture, taken
from Khattab and Zaharia (2020).

In the ColBERT paper, the authors employ a single BERTBASE (Devlin et al., 2019)
encoder model, which is shared for both the query and document. Instead of forming
a single sequence separated by [SEP] tokens, the queries and documents are passed
into the model individually. Custom tokens [Q] and [D] are respectively added just
after the [CLS] token. The query tokens are padded with BERT’s special [MASK] token
up to a max length of Nq, which the authors set to 32. In the case that the query’s
base token length exceeds Nq, then the query is truncated to Nq. The authors label the
addition of the [MASK] tokens as query augmentation, which encourages the model to
learn new terms and re-weight existing ones. For documents, no masking tokens are
appended, but instead tokens correlating to punctuation are entirely removed due to
their ineffectiveness. By default, BERTBASE outputs embeddings with a dimension of
768, but Khattab and Zaharia alter this output to a reduced value of 128.

28



Chapter 2. Background & Literature Overview 2.3. Summary

Figure 2.2: Illustration of fine-grained semantic matching over tables, taken from Jin et al.
(2023).

The authors train the model’s weights using cosine similarity to assess query-document
relevance, and apply the Adam optimizer with cross-entropy loss over the positive and
negative document scores d+ and d-. They use MS MARCO (Bajaj et al., 2018), a dataset
consisting of 8.8M passages and 1M queries built on Microsoft Bing search results, as
well as TREC Complex Answer Retrieval (TREC-CAR) (Dietz, 2019), another dataset
consisting of 27M Wikipedia passages and 3M queries. For evaluation, the authors make
use of 7k and 2.2k test queries, respectively. Given the exhaustive search nature of the
MaxSim algorithm, the authors also mention the potential use of libraries like FAISS for
an accuracy-latency tradeoff. They demonstrate the use of an inverted file with prod-
uct quantization (IVFPQ) index, which drastically improves search time. The IVFPQ
algorithm is able to do this through K-means clustering (MacQueen, 1967), a machine
learning algorithm that groups data into a specified number of clusters based on their
similarities, minimizing the variance within each cluster. In our work, we instead use
FAISS’ HNSW implementation.

2.3 | Summary
In this section, we covered the tools and techniques this work uses in its experiments to
retrieve the best table given a natural query. For instance, we covered search techniques
such as BM25, HNSW, and others, while also covering tools like OpenSearch and NLTK.
Their usages are demonstrated throughout our experiments (3). We also discussed lit-
erature which we separated into two categories. The first category are those works with
similar objectives to ours, such as ODTQA, the work published by Chopra and Azam
(2024), as well as the work by Zhang and Balog (2018). The second group we categorized
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as those works, which while ultimately having different goals, make use of techniques
which we deem useful towards our own efforts. An example of this is ColBERT (Khattab
and Zaharia, 2020).
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Materials & Methods

Our methodology consists of: (a) synthesizing a dataset of tables and queries using
an LLM, (b) preparing training triples with different negative sampling strategies, (c)
finetuning two base language models (BERTBASE and NoInstruct) using a ColBERT-
inspired late interaction method, and (d) experimenting with data fusion to combine
different retrievers. We also implement a BM25 baseline for comparison. In this
section, we describe in detail all components making up our implementation and
experiments.

3.1 | Dataset
To the best of our knowledge, there is no existing public dataset which satisfies the
requirements of this work’s business use-case. While datasets like WikiSQL and NQ-
Tables can be manipulated to our training structure, they ultimately contain data which
is not suitable for the business use-case as they mostly consist of English words which
are understood globally. In our case, we required examples of closed-domain acronyms
which do not belong to any particular language, and are not necessarily understood
by individuals outside of the business. For instance, the queries "What XMA purchases
have been submitted by Amy?" and "Which DTMs are pending for Application M5?" contain
terms XMA, DTM, and M5, respectively, which are both language-agnostic as well as
closed-domain. It is for this reason that we decided to synthesize our training and test
datasets using an LLM.

When synthesizing the datasets, we also took into consideration additional require-
ments. For instance, a user of our system will have access to an average of 50 tables and
a maximum of 100, so for this reason we created a test data set of roughly 200 tables, cou-
pled with 4,940 queries. We also ensured that a query is linked to exactly one table, as
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the business use-case does not allow for table joining in the downstream SQL translation
task. For the training dataset, we synthesized a total of 1,140 tables and 31,183 queries.
For both datasets, each table contains between 25 and 50 queries, and the number of
columns per table ranges from 6 to 20, reflecting the minimum and maximum number
of columns a business user may access, respectively. Lastly, we ensured to synthesize
both tables and queries to include a mixture of underscores, dashes, and camel-casing
when referring to columns names; for example, instead of "M5 Purchases", we encour-
aged the LLM to generate "M5_Purchases", "M5-Purchases", or "m5Purchases". This was
done in an effort to mimic the real-world data of our business.

3.1.1 | Data Synthesis
For synthesizing our datasets, we made use of the Anthropic Claude 3 Sonnet LLM
hosted in AWS Bedrock under the anthropic.claude-3-sonnet-20240229-v1:0 alias and hav-
ing version bedrock-2023-05-31. We communicated with the LLM through the abstract
programming interface (API) exposed by Bedrock using AWS’ software development
kit (SDK) for Python 3.12 called Boto31. Our work is limited to the use of this LLM
due to the constraints of our company’s current subscription plan. While we also ex-
perimented with data synthesis using GPT-4, this was highly restricted by the API rate
limits imposed on the free tier. Despite these limitations, we found Anthropic Claude 3
to produce more versatile and diverse table definitions. In contrast, GPT-4 often reused
a narrow set of column names across multiple tables, leading to highly similar tables.

We synthesized the tables by building a LLM prompt with inspiration from Gao et al.
(2024), where examples are prepended to the instructions. For the examples, we used
three tables which were taken from our real-world business data stores, but manually
replaced personally identifiable information (PII) with similar mock data. In an effort
to encourage the LLM to focus on the task at hand and avoid incorrectness, we only
included the instructions which were absolutely necessary, by avoiding tasks which
could be done later programmatically such as shuffling and flattening of the tables. The
following listing outlines the structure of the prompts used to generate the tables:

1https://boto3.amazonaws.com/v1/documentation/api/latest/index.html
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Listing 3.1: Table Generation LLM Prompt

{

"name": "mdi_genericdoc",

"body": {

"MDI_ID ": "varchar",

"AccountingEntity ": "varchar"

...

}

}

...

Here are 3 examples of tables. Taking inspiration from these

3 tables , create another table with the title ’{table_name}’

using field names of your decision. Create a total of

{field_count} fields. Incorporate field names using acronyms ,

underscores , dashes , and camel -case. Only respond with the

JSON result.

where field_count is a random number in the range [6, 20] and table_name is generated
from a separate LLM prompt:

Listing 3.2: Table Name Generation LLM Prompt

examples: [aarf_incidents ,document_submission_report ,

m5_retrieval ,bens_document_file ,login_credentials ,

user_interaction_report ,task_management_plc ,

audit_log_archive ,transaction_abc_monitoring ,

csr_feedback_log ,mxf_user_roles]

Come up with a fake table name with inspiration taken from

the provided examples. Be sure to incorporate unrealistic

acronyms for some of the names , but NOT all. Only respond

with a JsonArray.

Once the tables were synthesized, we ensured to remove any which shared the same
name or those sharing at least half of its column names with another table. Given the
new tables, we then synthesized up to 50 natural queries by prepending the instructions
with the body of the table:
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Listing 3.3: Query Generation LLM Prompt

{tables}

Come up with up to 50 questions that a user might ask when

querying this SQL table. The questions must be in natural

language English. Incorporate the table ’s name into some

of the questions , but not all. For the values , use

hypothetical values. Only respond with a JsonObject

of this form {{" name": "name_of_table", "queries" : []}}

3.1.2 | Negative Sampling
Since our models would eventually be finetuned using contrastive learning, we required
our training pairs (q, d+) to also retain an example of a negative by transforming them
into triplets (q, d+, d-). To accomplish this, we employed the two sampling techniques
inspired by Solatorio (2024), which we discuss in detail in the earlier section (2.1.7). The
uniform distribution technique is straightforward, and only requires that the TP is not
mistakenly selected as the negative. The weighted probability distribution technique on
the other hand requires further explanation of our implementation.

We first flattened all training tables based on the technique which is described in the
upcoming section (3.2.2), and indexed into an OpenSearch HNSW index with ef_search=100,
ef_construction=128, and m=16. For each query, we then performed an ANNS using Eu-
clidean distance late interaction MaxSim to select the top-100 candidates. Similar to
the uniform distribution sampler, we excluded the TP table from the retrieved results if
it was present. Queries were first sanitized using the sanitization operation explained
shortly (3.2.1). The model used to generate the embeddings for the ANNS were gener-
ated using a finetuned model which we name NoInstruct_6 and introduce in detail in
section 3.5.0.3. By default, OpenSearch sorts the retrieved tables by most relevant to
least. We then assigned weights to each retrieved result based on their positional rank-
ing as explained in 2.1.7.2. Using the Python Random module, we randomly selected a
negative example while actively applying the calculated weights.

Once both datasets were populated with their respective negative examples, we en-
sured to randomly shuffle their entries so that the training batches ultimately provided
during training were not made up of queries having the same positive table. We provide
samples for both datasets in Appendix A.
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3.2 | Data Augmentation
The datasets we synthesized were designed with future research in mind, so queries and
tables were left in their raw state. As a result, special characters like underscores and
dashes, as well as formatting styles like camel-casing, were preserved. Just as Khattab
and Zaharia (2020) perform punctuation cleaning during their experimentation, we too
applied necessary data augmentation techniques. In this section, we discuss some of
pre-index and pre-search operations.

3.2.1 | Sanitization
Before running our experiments, we first sanitized all queries and tables by replacing
underscores and dashes with a single whitespace. Similarly, we also separated all camel-
cased text with a single whitespace. As a final measure, we lower cased all text. We per-
formed these prerequisite tasks for two reasons. The first was to reduce any ambiguity
between words making up an entity, table name, or column name. The second reason
was purely based on inspiration taken from works like ColBERT (Khattab and Zaharia,
2020), which drop all tokens relating to punctuation. As an example, "Which mdTasks
have status ACTIVE for file-ag12?" would be sanitized to "which md tasks have status active
for file ag12?".

3.2.2 | Table Flattening
Since the tables in our datasets are stored in JavaScript Object Notation (JSON) form,
we had to first extract the respective table names and bodies into usable text before
indexing into OpenSearch. To the best of our knowledge, no existing research addresses
the indexing of table data consisting solely of table names and columns; we therefore
followed techniques provided by ODTQA (Jin et al., 2023) and TaPaS (Herzig et al.,
2020). Both groups of authors embed their table data along with the raw cell values. For
instance, Jin et al. embed their tables using the following input form:

{column1}{column1_cell_values}{column2}{column2_cell_values}{column3} . . .

We, on the other hand, prefixed the column names with the table’s name, and do not
make use of any cell data since it does not apply to our work. We included the table’s
name because we believe this to be an information-rich part of the table definition, and
an integral component if present in the query. The following demonstrates the flattened
structure we used in our work:
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{table_name}{column1}{column2}{column3} . . . {columnn}

where every entity is separated by a single whitespace and n is the total number of
columns for a given table, which in our case is within range [6, 20].

3.2.3 | Query Entity Extraction
When performing BM25, we did not simply provide the entire query as our search term,
but instead we extracted only those words and phrases which were based on the NLTK
Python function used in ODTQA (Jin et al., 2023). The function extracts words and
phrases from text according to any of the following rules:

1. If the word is a singular noun (NN), plural noun (NNS), proper singular noun
(NNP), proper plural noun (NNPS), or cardinal number (CD)

2. If the word is a descriptive noun, meaning the noun must be preceded by an ad-
jective (JJ), a comparative adjective (JJR), or a superlative adjective (JJS)

We chose this approach for two reasons. Firstly, Jin et al. demonstrated successful
results using this method for table selection. Secondly, when comparing full unaug-
mented query search to extracted phrase search, we observed improvements for the
latter, albeit subtle. The results are detailed in later sections (4). It should be noted that
we only extracted entities from queries when performing BM25 search. We did not ap-
ply this logic to other search techniques such as dense embedding retrieval. It should
also be noted that we did perform an experiment where we used the unaugmented
natural query during a single BM25 experiment, but this was only done in an effort to
benchmark against entity extraction.

3.3 | OpenSearch
All search operations performed for our experiments were done using a uni-node clus-
ter running OpenSearch 2.17.1 with the KNN plugin enabled. This plugin was required
to allow for HNSW indices and searches. We communicated with OpenSearch via a tool
called Postman2, an API testing and development tool that allows users to test REST
APIs efficiently. We also called OpenSearch directly from within our Python code using
the official OpenSearch Python 3.12 client SDK3.

2https://www.postman.com/
3https://github.com/opensearch-project/opensearch-py
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3.3.1 | Index Setup
We created two types of OpenSearch indices, one for BM25-related querying, and an-
other for ANNS dense retrieval. For the former, we created a simple index mapping
with two fields: PHRASE and TABLE_ID, where PHRASE stores the textual data of the
entire flattened table using the standard tokenizer, and TABLE_ID represents the pri-
mary key storing of the name the table. For the latter type, we defined the mapping
with two fields: TABLE_ID and EMBEDDING, where TABLE_ID is the name of the table
and EMBEDDING is the respective token vector embedding of the flattened table. Un-
like the index created for the BM25, the TABLE_ID value for the dense retrieval index
is shared amongst all tokens making up the flattened table representation. Following
the late interaction methodology of MaxSim, this field value was later used to consol-
idate scores based on the table name. The dense index was also configured to use the
following settings: dimension=128, engine=faiss, similarity_scorer=l2 (Euclidean distance),
algorithm=hnsw, ef_construction=128, and m=16. We did not explicitly configure ef_search,
as by default OpenSearch sets this to the value of k (neighbors).

3.4 | BM25
Since Jin et al. (2023) and Khattab and Zaharia (2020) use BM25 as a basis of comparison,
we too performed similar experiments. We performed two BM25-only experiments us-
ing the base dataset consisting of the 4,940 query-table pairs (q, d+). As there is no train-
ing involved in these experiments, we did not make use of the other datasets consisting
of query-positive-negative triplets (q, d+, d-). The first experiment we performed con-
sisted of the full raw natural query, solely subjecting the text to our sanitization method.
For the second experiment, we performed both sanitization as well as entity extraction.
The entities extracted using the ODTQA (Jin et al., 2023) method were then joined by a
single whitespace and indexed into the OpenSearch index as a single sequence of text.
For our second experiment, a query like "Show me all MDS-files which are ACTIVE sta-
tus" would be translated to "mds files active status". For our initial experiment, a simpler
translation would take place given the absence of entity extraction: "show me all mds files
which are active status". For both experiments, match, a convenient full-text operation
provided by OpenSearch, was used to perform the BM25 search against the PHRASE
field. As we refrained from specifying a search-time tokenizer, by default, OpenSearch
used the tokenizer configured for the target match field to also tokenize the query. In our
case, the PHRASE field’s standard analyzer was also applied to the query. This would
result in the first query to be tokenized into terms [mds, files, active, status], and the sec-
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ond query into [show, me, all, mds, files, which, are, active, status]. Finally, OpenSearch
responded with the most relevant tables, sorted in descending order by their respective
scores.

3.5 | Context Embeddings
In this section, we introduce the approaches we use to perform table-selection using
only dense retrieval. We discuss in detail the base embedding models we chose to use,
the training techniques used to finetune them, and the available training resources avail-
able at the time of this work. Finally, we explain the experiments we ran using different
combinations of models and search parameters.

3.5.0.1 | Base Models

We made use of two base embedding models for our work, BERTBASE (Devlin et al.,
2019) and NoInstruct-small-Embedding-v0. We chose the former model because we em-
ployed the ColBERT (Khattab and Zaharia, 2020) training method, and wanted to re-
main as close to the original work as possible, which also uses this same BERT model.
We also decided that using the same model would encourage more accurate replication,
and serve as a strong comparison model when attempting to improve the results with
subsequent models. Secondly, we decided to adopt the latter model by Solatorio, replac-
ing the original BERT model in hopes of achieving stronger table-selection results. When
selecting a replacement model, we considered three key factors: IR quality, dimension
size, and parameter size. Since our task involves IR, prioritizing higher IR quality was a
natural choice. For this, we relied on the model’s MTEB results4, which reported a com-
petitive IR score of 51.99, an impressive 41.4 points higher than BERTBASE. Additionally,
to minimize runtime, training latency, and financial costs, we preferred models with
fewer dimensions and parameters. The NoInstruct-small-Embedding-v0 model offered a
well-balanced trade-off among all three factors, with a dimension size of 384 and 33M
parameters.

3.5.0.2 | Finetuning

We decided to use the ColBERT (Khattab and Zaharia, 2020) training method to fine-
tune our base models for a few reasons. Firstly, as already mentioned, this work took
inspiration from the work published by Jin et al. (2023), which demonstrates success

4https://huggingface.co/spaces/mteb/leaderboard
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in their table-selection approach using late interaction MaxSim. Secondly, as opposed
to standard dense retrieval techniques such as DPR (Karpukhin et al., 2020) and GIST
(Solatorio, 2024), we believed the term-based granular matching of ColBERT to be a su-
perior approach for our table-selection task. Lastly, we found the ColBERT resources
and code to be publicly available5 and well-documented, ensuring that we would be
more accurate in our implementation and replication. We provide a detailed overview
in Figure 3.1 of the dense retrieval system described thus far.

Figure 3.1: An overview of the dense retrieval system implemented by this work.

We trained our base models using ColBERT’s publicly available code, which follows
the algorithm outlined in previous sections (2.2.2). The authors expose various param-
eters which can be configured by the user and passed during training startup. We used
the following parameters when finetuning our models:

5https://github.com/stanford-futuredata/ColBERT/tree/colbertv1
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Listing 3.4: ColBERT v1 Parameters

CUDA_VISIBLE_DEVICES ="0" OMP_NUM_THREADS =8 python -m

torch.distributed.launch --nproc_per_node =1 -m colbert.train

--amp --doc_maxlen 180 --mask -punctuation --bsize 32 --accum 1

--triples {train_path.tsv} --root {save_path} --experiment

MSMARCO -psg --similarity l2 --run -path msmarco.psg.l2

where train_path.tsv is the path to the training dataset and save_path is the path where
the learned model weights should be saved. All parameters, except for the similarity
function, which we set to l2 instead of cosine, are identical to the parameters used in
the original ColBERT paper. It should also be noted that Khattab and Zaharia train their
models using two Intel Xeon Gold 6132 14-core CPUs, each with 469 GiBs of RAM. They
also use four Titan V GPUs, each having 12 GiBs of memory. Unfortunately, we were not
able to acquire similar hardware, but instead were limited to a single Intel Core Ultra
7 165H CPU (3.8 GHz) and one Nvidia RTX 500 Ada Generation GPU with 32 GiBs of
RAM. For this reason, we also set CUDA_VISIBLE_DEVICES to a single GPU, while
also defining the number of available threads to 8, which is the maximum capability of
our CPU.

We set up our training on a Windows 10 machine using an Ubuntu 24.04.1 LTS
sub-system via Windows Subsystem for Linux (WSL). We then ran the ColBERT code
via Miniconda6 using their Conda environment definition found within the root of the
project. Unfortunately, due to various compatibility issues caused by outdated depen-
dencies, we were not able to run the Python program using the original conda.yml file. As
a workaround, we updated all dependencies to their latest versions at the time, which
mitigated the issue. By default, the ColBERT code uses the BERTBASE model as a base,
so for our experiments concerning the NoInstruct we had to manually update the code
to reflect these requirements. Due to the abundant and technical nature of the code
changes, we do not detail them here; however, we encourage interested readers to ex-
plore the code themselves for a deeper understanding. The code can be found at the
links provided in Appendix B.

3.5.0.3 | Experiments

Before performing any training, we first established two foundational results as a base-
line for later comparison with our finetuned models. For this, we used the late interac-
tion MaxSim retrieval scores for our synthetic dataset of (q, d+) pairs using the BERTBASE

6https://www.anaconda.com/docs/getting-started/miniconda/main
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(Devlin et al., 2019) and NoInstruct embedding models. We set a maximum of k=1000
(neighbors), as we wanted to avoid increased inference times in an effort to satisfy the
business requirements. Once the foundational results were established, we proceeded
to finetuning the models.

We first aimed to create base results to later compare against by replicating the Col-
BERT paper (Khattab and Zaharia, 2020) using the author’s default BERTBASE setup. Un-
fortunately, true replication of the work was not possible due to the size of the datasets
used in the original work. For instance, the authors finetune BERTBASE on 200k itera-
tions, which given our limited hardware would have taken us over two weeks of con-
tinuous training. This would not have been feasible given our original aims to train
several epochs. Furthermore, the two datasets used by the authors were not relevant to
our task. We instead used our own dataset which required just over four hours of train-
ing per epoch, each consisting of roughly 970 iterations. Using the synthetic dataset
built with negative examples sampled using uniform distribution, we finetuned the
BERTBASE model for seven epochs, producing a total of seven sets of model weights.
The individual weights were then used to perform seven separate retrieval tasks us-
ing the late interaction MaxSim technique. The same k value of 1000 was used for all
tasks. We then performed a similar training, but using the NoInstruct model instead, ul-
timately producing an additional seven sets of retrieval results. It should also be noted
that due to the much smaller parameter and dimension size, finetuning NoInstruct only
required approximately fifteen minutes per epoch.

We repeated the experiment yet again using the NoInstruct base model, but this time
using the second synthetic dataset we curated using weighted probability distribution
negative sampling. Setting the same value of k=1000, we produced seven more sets of
search results using MaxSim. We did not train BERTBASE against this second dataset, as
by this stage in our experimentation, the NoInstruct model was proving to be superior
for table selection; we leave this experiment for future potential research. Finally, we
set up one more experiment where we initialized the NoInstruct base model with the
weights produced by the 6th epoch uniform distribution training session. We then fur-
ther trained this model for a single epoch using the weighted probability distribution
dataset. We termed this finetuned model as NoInstruct_6.1 (NI_6.1), where the first or-
dinal refers to the 6th epoch of the original training, and the second refers to the single
epoch trained during the followup finetuning. Similar to the previous experiments, we
set k to 1000 and performed retrieval using MaxSim.
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3.6 | Data Fusion
In an effort to increase search accuracy for our task of table selection, we explored IR
when combining multiple search techniques. We therefore experimented with merging
different sets of results using RRF (Cormack et al., 2009), CombMNZ (Fox and Shaw,
1993), and Linear Combination (Wu et al., 2011). Our initial experiment retrieved results
using two search techniques we demonstrated in previous experiments. The first was
BM25 retrieval using the sanitized entities extracted from the query with the ODTQA
(Jin et al., 2023) NLTK function. The second retrieval method used the MaxSim ap-
proach for embeddings generated using our NoInstruct_6 model. The results from both
retrieval methods were then combined in three separate experiments using RRF@60,
CombMNZ, and Linear Combination, respectively. For Linear Combination, we learned
weights (Table 3.1) using a search size of 10,000, which encompasses all tokens in our
table corpus. To explore the effects of different search size values, we repeated the same
experiment for Linear Combination using search size 20 and 10.

Table 3.1: Linear Combination Weights

Retriever 1 & 2 Search Size Ret. 1 Weight Ret. 2 Weight
BM25_on & NI_6.1 10,000 1.186782 -0.01132026
BM25_on & NI_6.1 20 1.47596013 0.14829506
BM25_on & NI_6.1 10 1.61055509 0.24312852

NI & NI_6.1 10,000 0.51345614 -0.00508008
NI & NI_6.1 20 0.32620289 0.20911481
NI & NI_6.1 10 0.50718321 0.34719289

The learned weights for our experiments with Linear Combination for data fusion, which
were performed using two combinations of two retrievers. on represents BM25 with entities

extracted using the odtqa nltk function

We again repeated the experiments for all three data fusion techniques, but replacing
the BM25 retrieval with an additional embedding-based retriever. We instead employed
the base NoInstruct (NI) model originally introduced by Solatorio. Instead of using late
interaction MaxSim, we used the model to embed text into a single representation as
originally intended by the author. As described in previous sections (2.1.3.4), NoIn-
struct uses token mean-pooling for queries, and the [CLS] token embedding for pas-
sages, which in our case were the flattened tables. Our inspiration behind this approach
was to explore data fusion performance when incorporating different embedding tech-
niques, specifically. All results are discussed in detail in the upcoming section (4).
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3.7 | Evaluation Metrics
The choice of evaluation metrics for our table selection results is dependent upon two
core features of the business requirements. Firstly, a user’s query will always be in the
context of a single table, and therefore the retrieved results can be treated as binary,
where at most one table is relevant. Secondly, the accuracy of our downstream text-to-
SQL task, which is beyond the scope of this work, is inversely correlated to the number
of retrieved table. It is critical that our table selection mechanism not only selects the
correct table, but also encourages higher ranking. We decided to use Mean Reciprocal
Rank (MRR), which provides a fine-grained measurement based on the ranking position
across all test queries, which is defined as:

MRR =
1
|Q|

|Q|

∑
i=1

1
ranki

(3.1)

where |Q| denotes the total number of queries and ranki represents the rank of the
first relevant table in the retrieval results. We also introduced a secondary measure
called HitRate@k (HR@k) which provides accuracy rates at different threshold inter-
vals. The different accuracy rates per threshold aid in comparing the accuracy-latency
tradeoffs for the downstream tasks. Given only one table can be relevant per query, we
decided to make use of a simplified version of HR@k:

HR@k =
|rank(dq) ≤ k}|

|Q| (3.2)

where |Q| denotes the total number of queries, q is a query within Q, d represents a
table document within the set of all table documents, rank(dq) is the single relevant table
document d for q, and k is the rank threshold. We used rank thresholds of 1, 3, 5, and 10,
with preference for the former two thresholds given the business latency requirements.
We include thresholds at 5 and 10 to ensure thoroughness in our observations.

3.8 | Summary
In this section, we described the process of synthesizing our dataset through LLM prompt-
ing and the various negative sampling techniques used to construct our datasets. We
also detailed our use of OpenSearch, including its configuration for storing tables and
conducting searches. Additionally, we discussed data preparation and augmentation
techniques, the base models employed, the training methods applied, and the hard-
ware resources available at the time. Furthermore, we provided an in-depth analysis
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of our search experiments, covering BM25, similarity search using context embeddings,
and the fusion of different retrieval techniques.
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4

Results & Evaluation

In this section, we present the results through visualization and discussion, group-
ing the experiments into three categories: base models, finetuned models, and data
fusion. We analyze and compare the results within each category, while also attempt-
ing to provide an explanation as to why certain approaches performed better or worst
compared to others.

4.1 | Base Retrievers
Using the late interaction MaxSim technique, along with the base NoInstruct model
yielded the highest score when measured using MRR, HR@1, and HR@3. When using
HR@5 and HR@10 for evaluation, single-representation NoInstruct performed best. De-
spite this, NoInstruct-MaxSim presented itself as the optimal base model for our busi-
ness use-case given it’s dominance in the lower HR thresholds. When swapping out
the MaxSim embedding model with BERTBASE (Devlin et al., 2019), all metric scores
declined, making it the worst performing retrieval strategy. Surprisingly, both BM25
retrievers outperformed this model by more than double across all metrics. However, it
should be noted that later fine-tuning results showed improvement (4.2). We enlist all
results in Table 4.1, and for completeness we also include model output dimension size
where applicable.
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Table 4.1: Base Retriever Results

Retriever Dim. MRR HR@1 HR@3 HR@5 HR@10
BM25_fq n/a 0.656 55.58 72.43 78.70 84.86
BM25_on n/a 0.657 55.70 73.60 75.58 83.30

NI 384 0.737 61.59 82.51 90.26 95.85
BERT-MaxSim 128 0.283 20.02 30.76 35.06 42.18

NI-MaxSim 128 0.748 64.19 83.25 88.52 91.78

The results of the base retrieval techniques which we compare our other experimentation
models against. No finetuning was performed for any of these retrievers. fq=full query and

on=odtqa nltk.

As we initially anticipated, the experiments concerning the NoInstruct model proved
to be stronger retrievers when compared to BM25. We attribute this to the natural lan-
guage form of the queries, where the stricter nature of BM25 leads to a higher number of
unmatched table terms. Using the ODTQA method for entity extraction did show slight
improvements for the BM25 results, which we attribute to the reduction in noise words.
Taking the query "What is the latest UPDATED_ON date for the project ’PQR789’?", the
ODTQA method extracted entities "latest UPDATED ON date" and "project" and resulted
in the TP at the 3rd position, while the full-query approach resulted in 8th position. In
this example, noise words "what" "is", "the", "for", and "PQR789" resulted higher relevance
being given to FPs by the full-query technique. We noticed such behavior throughout
most of the BM25 full-query results.

NoInstruct’s less rigid context-based matching, on the other hand, allows for broader
matches. For instance, the TP table (Listing 4.1) for the test query "Retrieve the email ad-
dresses of users whose passwords are set to a default value" was ranked 2nd by NI-MaxSim,
and 15th by BM25. The poor BM25 performance can be attributed to the lack of exact
terms shared between the query and table attributes. Unlike BM25, the context-based
approach was able to correctly match terms like email and password with email-addr and
pw_hash, respectively, while also using other fields like user_name and lastLoginDt as
context. While also context-based, we believe that the BERTBASE retriever performed as
poorly as it did due to its intended role as a base model, originally trained by Devlin
et al. to be further finetuned for more specific downstream tasks. As we will demon-
strate shortly (4.2), additional finetuning of the model provides evidence supporting the
viability of our theory.
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Listing 4.1: JKS Identity Management Table

{

"name": "jks_identity_management",

"body": {

"user_name ": "varchar",

"pwd_hash ": "varchar",

"email -addr": "varchar",

"lastLoginDt ": "date",

"acct_status ": "varchar",

"secQ_ans ": "varchar",

"roleID_fk ": "integer",

"dept_code ": "varchar"

}

}

When comparing NI-base to NI-MaxSim, it is interesting to point out the increased
performance of the latter in the lower HR thresholds of 1 and 3. This aligns with our
idea that ColBERT is able to match on a more granular level, as opposed to the former
model which is still able to capture context, but not as finely. For instance, the following
query resulted in 15th and 1st position, respectively: "How many issues are assigned to
ASSIGNEE_NAME ’Jane Smith’?". The poorer result demonstrated by the NI-base search
technique can most likely be attributed to the single-embedding approach where the
finer details of the query and table are lost. The most crucial components of the query
"issues" and "ASSIGNEE_NAME" are pooled into one embedding consisting of the other
query components. Similarly, the columns of the query’s TP provided in Listing 4.2
are also pooled into a single embedding, negating the importance of the query-table
components which are related. Using the NI-MaxSim as the search technique, noisy
terms are properly ignored, encouraging a stronger result.
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Listing 4.2: PFX Integration Table

{

"name": "pfx_integration_dxc",

"body": {

"PFX_ID ": "varchar",

"COMP_NAME ": "varchar",

"INT_TYPE ": "varchar",

"LABEL_LIST ": "varchar",

"PROJ_CODE ": "varchar",

"RESOL_STATUS ": "varchar",

"TEST_ID ": "varchar",

"AFFECTS_VER ": "double",

"FIX_VER ": "double",

"CREATED_ON ": "date",

"UPDATED_ON ": "date",

"PRIORIT_LVL ": "varchar",

"TESTER_NAME ": "varchar",

"ASSIGNEE_NAME ": "varchar",

"ISSUE_ID ": "varchar",

"REPORTER_NAME ": "varchar"

}

}

4.2 | Finetuned Models
When measuring using MRR, we found that our best result of 0.790 was obtained when
using the NoInstruct base model trained using the weighted probability distributed
dataset for five epochs. We termed this model as NI_wpd_5-MaxSim. In second is a
model we titled NI_ud_6-MaxSim, which uses the same base NI model, but trained for
six epochs using the uniformly distributed dataset. The BERTBASE (Devlin et al., 2019)
model lagged behind with its best MRR score of 0.749 being achieved in the third epoch.
We found BERT to also underperform across all thresholds of HR, except for HR@10,
where it equaled NI_wpd_5-MaxSim, but still fell short of the NI_ud_6-MaxSim model.
We found the NI_ud_6-MaxSim to easily outperform across HR thresholds of 3, 5, and
10, but beaten by NI_wpd_5-MaxSim for HR@1. We provide the results for the three
individual models across all training epochs in Tables 4.2, 4.3, and 4.4. We also demon-
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strate side-by-side comparisons of model HR results by epoch in Figures 4.1, 4.2, 4.3,
and 4.4. Compared with our base model results (4.1), we found that finetuning via the
ColBERT (Khattab and Zaharia, 2020) method improved table selection across all met-
rics when measured with MRR and HR@k.

Table 4.2: Finetuned BERT Results (UD)

Epoch MRR HR@1 HR@3 HR@5 HR@10
1 0.726 61.47 80.99 86.80 91.29
2 0.746 63.29 83.34 89.57 93.52
3 0.749 63.46 83.95 90.08 94.23
4 0.746 62.67 84.31 90.77 94.27
5 0.739 61.80 83.89 90.10 94.43
6 0.740 61.74 83.83 90.59 94.49
7 0.745 62.36 84.31 90.99 94.64

The results of the BERTBASE model we finetuned over several epochs using our dataset built
with uniform distribution (UD) negative sampling. Model weights were trained using the

ColBERT method and results obtained using late interaction MaxSim.

Table 4.3: Finetuned NoInstruct Results (UD)

Epoch MRR HR@1 HR@3 HR@5 HR@10
1 0.748 63.98 83.64 88.78 93.19
2 0.765 65.64 85.58 90.30 94.49
3 0.774 66.57 86.23 91.29 95.32
4 0.781 67.46 86.90 91.78 95.61
5 0.782 67.51 87.33 92.21 95.53
6 0.786 67.55 88.18 92.73 96.36
7 0.784 67.32 88.06 92.79 96.32

The results of the base NoInstruct model we finetuned over several epochs using our dataset
built with uniform distribution (UD) negative sampling. Model weights were trained using

the ColBERT method and results obtained using late interaction MaxSim.
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Table 4.4: Finetuned NoInstruct Results (WPD)

Epoch MRR HR@1 HR@3 HR@5 HR@10
1 0.731 63.09 80.75 85.51 89.78
2 0.772 67.51 85.04 89.60 93.16
3 0.775 67.95 85.22 89.86 93.20
4 0.789 69.27 86.72 91.11 94.29
5 0.790 69.39 86.94 91.03 94.23
6 0.788 69.02 87.09 91.21 94.49
7 0.787 69.02 86.92 91.19 94.45

The results of the base NoInstruct model we finetuned over several epochs using our dataset
built with weighted distribution probability (WPD) negative sampling. Model weights were

trained using the ColBERT method and results obtained using late interaction MaxSim.

Given BERTBASE’s MTEB IR score1 of only 10.59, it is natural to presume this to be the
reason for the poorer performance scores when comparing to NoInstruct. Although we
did not finetune BERT using the weighted probability distribution dataset, we believe
this is a promising approach worth evaluating. It may outperform the version finetuned
on uniform distribution and help reduce the performance gap with the NoInstruct mod-
els. The slightly better results of the second NoInstruct model when compared to the
first NoInstruct model can be potentially attributed to the higher presence of hard neg-
atives. This is due to the equally-weighted nature of uniform distribution’s selection
process, which may yield lesser quality negatives. Furthermore, the performance gap
between the two models can be potentially increased if greater weights are used dur-
ing the weighted probability distribution sampling, but this is not determined by our
work. Listing 4.3 provides an example of negatives taken from our test datasets selected
using the two negative sampling strategies. The weighted probability distribution strat-
egy produced a harder negative by selecting a table with greater term overlap with the
query. The uniform distribution strategy, on the other hand, selected a negative example
which has little to no overlap.

1https://huggingface.co/spaces/mteb/leaderboard
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Listing 4.3: Negative Sampling Comparison Example

QUERY

Can we identify any relationships between revenue and the

number of years retained?

UNIFORM DISTRIBUTION

ipr task scheduler TSK ID TSK Name TSK Desc TSK Priority

Level TSK Due Date TSK Assigned To TSK Status TSK Created On

TSK Updated On TSK Category TSK Parent Task TSK Recurring TSK

Recurring Pattern TSK Reminder TSK Reminder Date TSK Project

ID TSK is Archived TSK Notes

WEIGHTED PROBABILITY DISTRIBUTION

vwx business intelligence BI ID Data Source BI Customer ID

sales Region BI Product Category BI Revenue USD BI Cost USD

created Dt last Updated Dt

Our NoInstruct_1.6 model, which is initialized from NI_ud_6-MaxSim and further
finetuned on the dataset consisting of weighted probability distributed negatives, out-
performed all previous models by substantial margins. The model achieved a MRR
score of 0.810, an increase of +0.02 over NI_wpd_5-MaxSim, and also surpassed it on
all HR thresholds by +1.76, +2.57, +2.51, and +2.77 for the respective values of k. The
model also outperformed NI_ud_6-MaxSim by lesser or even greater margins depend-
ing on the metric. Comparison results are provided in Table 4.7. We believe this model
performed so strongly due to the dynamic characteristics of the negatives, which benefit
from both uniform distribution and weighted probability distribution sampling. Fur-
thermore, we believe that such a mixture of hard and non-hard negatives encouraged
the trainer to reduce any potential overtraining caused by the initial finetuning on the
uniform distribution data. While we do not finetune this model beyond a single epoch
due to time constraints, we would encourage potential future research to investigate the
effects of further training.

Most FPs produced by our NoInstruct_1.6 method were caused by poor data syn-
thesis, where queries were either too vague or irrelevant. For example, the following
is a vague query where its TP was ranked at the 138th position: "How do I insert a new
record into this schema?". Such a query clearly lacks any useful entities and cannot be reli-
ably mapped to a single table with confidence. The following query, on the other hand,
shows an example of a query which is not relevant to its TP table shown in Listing 4.4:
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"Are there any data retention policies or automatic cleanup processes for old records?". The in-
formative parts of the query show no relationship to the TP table. As a result, the table
ranked 159th. Besides poor data synthesis, the NoInstruct_1.6 method also underper-
formed for queries consisting of terminology that is commonly shared among several
tables. For instance, the query "What is the expiry date of the ’Standard Operating Procedure’
for the Manufacturing process?" resulted in its TP being ranked 133rd. This is most likely
due to terms like "procedure" and "process", which are frequently occurring terms across
multiple table definitions. Incorporating snippets of cell data into the table embeddings,
as done by Jin et al. in their ODTQA paper, may help address this issue.

Listing 4.4: BWV API Gateway Table

{

"name": "bwv_api_gateway",

"body": {

"apiKey ": "varchar",

"reqURL ": "varchar",

"resp_Status ": "integer",

"reqPayload ": "text",

"respPayload ": "text",

"authToken_Id ": "varchar"

}

}
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Figure 4.1: The HitRate@1 performance across all finetuning epochs for the BERTBASE and
NoInstruct models. UD=uniform distribution and WPD=weighted probability distribution,
which represent the two datasets we curated.

Figure 4.2: The HitRate@3 performance across all finetuning epochs for the BERTBASE and
NoInstruct models. UD=uniform distribution and WPD=weighted probability distribution,
which represent the two datasets we curated.
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Figure 4.3: The HitRate@5 performance across all finetuning epochs for the BERTBASE and
NoInstruct models. UD=uniform distribution and WPD=weighted probability distribution,
which represent the two datasets we curated.

Figure 4.4: The HitRate@10 performance across all finetuning epochs for the BERTBASE and
NoInstruct models. UD=uniform distribution and WPD=weighted probability distribution,
which represent the two datasets we curated.
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4.3 | Data Fusion
The results obtained using all data fusion techniques resulted in poorer performance,
regardless of model combination or fusion technique. Our best performing approach,
although still short of the previous isolated models, is termed BM25_on-NI_6.1-CMNZ.
This approach uses BM25 and NoInstruct_6.1 as its retrievers, while utilizing CombMNZ
(Fox and Shaw, 1993) for data fusion. When the superior single representation NoIn-
struct retriever was used instead of BM25, CombMNZ resulted in poorer results. This
same behavior was also reflected when CombMNZ was swapped out for RRF (Cormack
et al., 2009). On the contrary, Linear Combination (Wu et al., 2011) performed better with
stronger baseline models across all three search sizes of 10k, 20, and 10. While Wu et al.
report negligible impact when reducing the search size, we on the other hand found that
smaller search sizes lead to respectable performance gain for our table selection task. All
results are provided in Table 4.5.

Table 4.5: Data Fusion Results

Retriever MRR HR@1 HR@3 HR@5 HR@10
BM25_on-NI_6.1-RRF 0.780 67.61 85.91 91.15 96.13

BM25_on-NI_6.1-CMNZ 0.787 67.95 87.79 92.91 96.60
BM25_on-NI_6.1-LC@10k 0.651 55.48 72.69 77.23 81.42
BM25_on-NI_6.1-LC@20 0.689 56.96 77.53 83.81 90.45
BM25_on-NI_6.1-LC@10 0.691 57.18 77.67 84.11 90.67

NI-NI_6.1-RRF 0.776 66.15 87.25 92.29 96.40
NI-NI_6.1-CMNZ 0.756 64.06 84.45 90.71 95.24
NI-NI_6.1-LC@10k 0.717 60.12 80.08 87.39 92.49
NI-NI_6.1-LC@20 0.744 62.67 83.44 89.80 94.64
NI-NI_6.1-LC@10 0.746 62.79 83.54 89.90 94.68

A comparison of the best performing data fusion retrieval strategies. We compare Reciprocal
Rank Fusion (RRF), CombMNZ, and Linear Combination (LC) using BM25 (entities
extracted with odtqa nltk function), our NoInstruct_6.1 model, and NoInstruct single

representation.

Overall, our data fusion results agree with the observation made by Beitzel et al.
(2004), stating that data fusion has a tendency to degrade performance when employ-
ing retrieval strategies which are already strong in isolation. In our experiments, we
used strategies of such a nature, with BM25 being the least performing strategy, scoring
a strong HR@1 and HR@3 of 55.70 and 73.60, respectively. Initially, we anticipated that
CombMNZ would outperform RRF due to the former’s use of raw relevancy scores,
but experimental results showed that for our use-case, both had similar performance.
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We believe this to be due to the observations made by Beitzel et al.. Future experi-
ments could compare the results of these two fusion techniques using worst performing
retrieval strategies. Linear Combination’s better performance when using stronger per-
forming retrievers, on the other hand, is somewhat difficult to explain as it contradicts
Beitzel et al.’s observations. This behavior could be due to the potential of a pretraining
step, which Beitzel et al. do not account for when conducting their experiments. We
believe that the process of learning weights aids in score calculation by adapting to the
retrievers’ respective base performance. Nevertheless, Beitzel et al.’s overall observa-
tion still holds true, as the NI-NI_6.1-LC@k retriever fails to improve upon the isolated
NI_6.1 base retriever.

Analyzing the results produced by BM25_on-NI_6.1-CMNZ retriever, we can largely
attribute the degradation in performance to BM25, whose influence diminishes the im-
pact of the stronger NI_6.1 retriever. For example, the isolated BM25 retriever ranked
the following query in 5th position, whereas the isolated NI_6.1 retriever ranked it 2nd:
"What is the next scheduled follow-up date for the lead from ’Social Media’?". When using
the BM25_on-NI_6.1-CMNZ retriever, the overall rank dropped to 5th, which is 3 posi-
tions worse than the isolated NI_6.1 retriever. A similar effect is observed for the query
"Search for customers with a name containing the word ’Tech’", where the rank decreased by
4 positions. The majority of the the poorer performing queries follow this same pattern,
collectively lowering the overall performance of the retrieval technique. This reasoning
also applies to the other data fusion techniques explored in this work, where the weaker
retriever can be to seen to dampen the effectiveness of the stronger retriever.

Although the introduction of data fusion methods led to an overall degradation in
performance, 3.52% of the test queries showed improved results across all methods
when comparing to the isolated NI_6.1 retriever. The data fusion methods showed a
performance gain for an average of 11.06% of queries, which indicates that data fusion
techniques can be useful for some types of queries. Unfortunately, due to the diverse
nature of the queries, it is difficult to discern a pattern indicating precisely which queries
would benefit from data fusion. We believe this to be a strong area for future research
concerning table selection. Despite this uncertainty, one potentially viable approach
could be to fall back to a data fusion method when the strong isolated retriever fails to
retrieve the TP. Table 4.6 lists the percentage of queries for each data fusion method
which resulted in better performance when comparing to the isolated NI_6.1 retriever.
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Table 4.6: Data Fusion Improvements

Retriever Improvement
BM25_on-NI_6.1-RRF 11.13%

BM25_on-NI_6.1-CMNZ 12.31%
BM25_on-NI_6.1-LC@10k 10.28%
BM25_on-NI_6.1-LC@20 10.43%
BM25_on-NI_6.1-LC@10 10.47%

NI-NI_6.1-RRF 12.39%
NI-NI_6.1-CMNZ 11.32%
NI-NI_6.1-LC@10k 10.26%
NI-NI_6.1-LC@20 10.99%
NI-NI_6.1-LC@10 11.03%

The percentage of queries for each data fusion method which resulted in better performance
when comparing to the isolated NI_6.1 retriever.

4.4 | Final Remarks
We illustrate our best performing models from each category in Table 4.7. Our NI_6.1
model greatly outperformed all other models across all HR@k threshold metrics, as well
as the overall MRR metric with an increase of +1.76, +1.33, +0.63, +0.40, and +0.02,
respective to the next best performing model. Figure 4.5 demonstrates a visual repre-
sentation of the HR@k performance metrics for all evaluated models. In an effort to not
overwhelm the graph, we only include the better performing LC@10 for Linear Combi-
nation. For similar reasoning, we also limit our finetuned models to the optimal epoch
per group. Lastly, we do not include the unfinetuned BERTBASE model due to its poor
performance resulting in outlier data points. Our NI_6.1 model (teal data point •) can
be seen to consistently outperform all other methods across all thresholds of HR@k.
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Figure 4.5: A visual representation of the HitRate@k performance metrics for the evaluated
models.

Table 4.7: Result Comparison

Retriever MRR HR@1 HR@3 HR@5 HR@10
NI 0.748 64.19 83.25 88.52 91.78

NI_ud_6-MaxSim 0.786 67.55 88.18 92.73 96.36
NI_wpd_5-MaxSim 0.790 69.39 86.94 91.03 94.23

BM25_on-NI_6.1-CMNZ 0.787 67.95 87.79 92.91 96.60
NI_6.1 0.810 71.15 89.51 93.54 97.00

A comparison of the best performing models respective to their result groups. ud_6 indicates
the 6th epoch trained using the ud=uniform distribution dataset. wpd_5 indicates the 5th

epoch trained using the weighted probability distribution dataset. on indicates BM25
extracted entities using odtqa nltk function.

4.5 | Summary
In this section, we reported the results of the techniques and models employed for table
selection. We’ve shown that finetuning via the ColBERT method substantially improves
performance when compared to our unfinetuned base models, such as NoInstruct and
BERTBASE. Our best performing finetuned model, NoInstruct_6.1, greatly outperformed
all other models and techniques demonstrated in this work for both the MRR and HR@k

58



Chapter 4. Results & Evaluation 4.5. Summary

metrics. Lastly, we’ve shown that for our setup, data fusion yielded no improvements
over the individual models’ performance, which is in agreement with the claims made
by Beitzel et al. (2004).
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5

Conclusions

This section revisits the initial objectives and evaluates whether they were achieved
based on the experimentation and results of this work. We then discuss some of the
potential limitations that should be considered by the reader. Finally, we discuss how
future research may improve or expand upon this work by suggesting the areas we
believe to be of interest.

5.1 | Achieved Objectives
The objectives outlined in this work served to establish a road map for building a system
which given a natural query, is able to select the correct table to be used for further
downstream tasks such as Text-to-SQL. The objectives of this work cover the curation
of the training and test datasets, the finetuning techniques, and and the evaluation and
comparison of the different search techniques.

5.1.1 | Objective 1
Our first objective was to select the LLM to use and identify the prompting technique to
curate the training and test datasets. Due to the limitation of our company’s subscrip-
tion plan at the time, we decided to utilize Anthropic’s Claude Sonnet 3 (Askell et al.,
2021). While we could have used other equally viable LLMs such as those from the GPT
series (Achiam et al., 2023) or that of Google’s Gemini (Team et al., 2024), processing
would have been slow due to the the limitations imposed on the publicly available free-
tier. We also considered open-sourced models such as T5 (Raffel et al., 2020), but at the
time of this writing, closed-source LLMs like Claude Sonnet 3 were the state of the art.
For selecting our prompting technique, we followed the examples-first-instructions-last
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methodology demonstrated by successful text-to-SQL research such as Gao et al. (2024).
This technique resulted in datasets which were both satisfactory and diverse. Refer to
Appendix A for data samples, and Appendix B for links to the source code housing the
datasets themselves.

5.1.2 | Objective 2
The second objective aimed to select negative sampling techniques to include negative
examples in our training set. We also aimed to compare them against one another. We
selected two sampling techniques, uniform distribution and weighted probability dis-
tribution, both adopted from Solatorio (2024). While the author uses the latter technique
to curate positives, we on the other hand used a variation of the technique to select the
negatives. As demonstrated by our experiment’s results, both sampling techniques lead
to stronger contrastive learning for all models when evaluating the table selection IR
task. We also noted stronger results when finetuning our models using the dataset built
using weighted probability distribution. The link to the dataset of triplets (q, p+, p-) for
each respective sampling technique is provided in Appendix B. Samples are provided
in Appendix A.

5.1.3 | Objective 3
For the third objective, we aimed to select the base models to use for embedding our
queries and tables. We also required these models to evaluate the training and negative
sampling techniques selected for this work. When selecting the models, we compared
three main attributes: parameter size, dimension size, and MTEB IR score. We gave
preference to models having smaller parameter and dimension sizes due to the low cost
and low latency requirements of the business use-case. From all embedding models
considered, we selected the NoInstruct model, a followup to the first iteration model
published by Solatorio (2024). Compared to other models, this model stood out with
a strong MTEB IR score of 51.99, as well as having smaller parameter and dimension
sizes of 33M and 384, respectively. As shown in the previous section (4), the NoInstruct
model ultimately demonstrated stronger table selection retrieval results compared with
the foundational BERT (Devlin et al., 2019) model.

5.1.4 | Objective 4
Our fourth objective aimed to select a technique to finetune the base NoInstruct and
BERT (Devlin et al., 2019) embeddings models. When comparing approaches, we de-
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cided to proceed with ColBERT (Khattab and Zaharia, 2020), which trains the models
using contrastive learning through the MaxSim technique. This decision was taken with
inspiration from the table selection research published by Jin et al. (2023), where a strong
BERTBASE model was finetuned using a similar contrastive learning MaxSim approach
as ColBERT. Compared with other approaches like SANTA (Li et al., 2023) and TaPas
(Herzig et al., 2021), and others, we felt that ColBERT offered a more granular approach
to the column components of the table data. For our task of table selection, the models
we finetuned using the ColBERT method demonstrated a substantial increase in IR per-
formance. We provide all implementation code at the online link provided in Appendix
B.

5.1.5 | Objective 5
For the fifth objective, we aimed to finetune and compare models using different com-
binations of base embedding models and training sets using the ColBERT (Khattab and
Zaharia, 2020) method. We finetuned the BERTBASE model using the synthetic dataset
housing the uniformly distributed negatives for seven epochs. We also finetuned the
NoInstruct model using the same dataset, as well as the additional dataset which was
built using the weighted probability distribution sampling technique. This model was
finetuned for seven epochs for each dataset. We further finetuned our already-finetuned
NoInstruct model, which we describe in detail in the methodology section (3), to pro-
duce our best performing model we term NoInstruct_6.1. All model epochs were eval-
uated and results published in the previous section (4). We provide the trained weights
for all individual model epochs at the online link found in Appendix B.

5.1.6 | Objective 6
For our final objective, we aimed to improve the results of the individual base tech-
niques by incorporating a multi-retrieval approach, where the results of multiple re-
trieval techniques are combined. Overall, we compared two combinations of retriev-
ers across three individual data fusion techniques. For the retriever combinations, we
evaluated the BM25-NI_6.1 and NI-NI_6.1 pairs, while for the data fusion techniques
we utilized RRF (Cormack et al., 2009), CombMNZ (Fox and Shaw, 1993), and Lin-
ear Combination (Wu et al., 2011). For Linear Combination, we experimented with
three different search-size values: 10,000, 20, and 10. Ultimately, all data fusion tech-
niques underperformed the previously established NI_6.1 model. The weights for the
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Linear Combination data fusion technique can be found through the link provided in
Appendix B.

5.2 | Critique & Limitations
While conducting our research, numerous limitations were noted. Firstly, and most im-
portantly we believe, is the lack of real-world data and the purely synthetic nature of
the datasets ultimately used. Our training sets were curated entirely through LLM text
generation, so any potential biases within the model may have been transferred onto the
data itself. Furthermore, while seemingly diverse at a first glance, the queries and table
themselves may inherently follow some obscure pattern imposed by the LLM. Unfortu-
nately, due to the large number of training pairs and lack of resources and time, it was
not possible to verify every instance. A much smaller sample size of roughly fifty pairs
were instead manually verified. Lastly, as a result of the instructions given to the LLM,
the tables that were ultimately generated followed a business-oriented tone, frequently
utilizing obscure or domain-specific terminology. While this was our intention given
the use-case of our business, we believe that this has the potential to negatively skew
performance where queries or tables refrain from following this pattern. Furthermore,
our use of a fixed table column range of 6–20 may limit performance on tables with
fewer or more columns. This is contrary to other works like Jin et al. (2023) and Col-
BERT (Khattab and Zaharia, 2020), who make use of publicly available and diverse data
through datasets like WikiSQL (Zhong et al., 2017) and MS MARCO (Bajaj et al., 2018),
respectively. It should also be noted that these datasets consist of millions of examples,
while ours only contain around 5k.

Our datasets also lack examples of multi-table queries, where a query must be an-
swered by consulting multiple tables through the use of SQL keywords like JOIN. While
we purposely conducted our work in this manner due to the business use-case, we un-
derstand that this may pose as a limitation to use-cases looking to perform cross-table
answering. While such a requirement can be fulfilled through similar LLM generation,
it would undoubtedly add more complexity to the dataset curation process. Given the
time constraints of our work, we decided to not include any examples which would not
be required by our explicit use-case. It should be noted that the absence of multi-table
queries is also a trait found in the work published by Jin et al., where the underlying
datasets do not make use of any table joining. On the contrary, the table selection work
by Chopra and Azam (2024), which utilize the Spider (Yu et al., 2018) dataset, do cross-
table answering.
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Finally, we would like to mention the shortcoming of the ODTQA NLTK function
used to extract entities from the queries for our BM25 retrieval experiments. While this
function’s use demonstrates a strong performance in the work published by Jin et al.,
upon manual verification of the entities extracted, we noticed that the function did not
always correctly select the appropriate noun phrases. Additionally, the function would
sometimes split entities into multiple words or phrases, when it should not have. While
these instance are for the most part less common, their presence cannot be ignored.
Such behavior would undoubtedly skew the BM25 results reported in our experiments,
which would include the baseline results (4.1), as well as data fusion combinations (4.3)
which made use of the search technique. Unfortunately, to truly understand the impact
of this behavior, sample sizes would need to be taken and manually verified within a
controlled setting. We leave this task for potential future research.

5.3 | Future Work
Given the limited number of works covering table selection, as well as the somewhat
novel approach of our implementation, we believe there to be several areas of interest
for potential future research. Firstly, the datasets may be expanded upon to include
non-business-like data to help the finetuned models adapt to other types of queries and
tables. Secondly, in our work we only make use of the NoInstruct and BERTBASE (Devlin
et al., 2019) models, but future research may include other embedding models. We also
only train our models for a total of seven epochs, training for further epochs may yield
different results. We also believe that a finetuned single embedding approach, instead of
MaxSim via the ColBERT (Khattab and Zaharia, 2020) method, is also worth comparing.
For instance, using the training methods demonstrated by GIST (Solatorio, 2024) and
SANTA (Li et al., 2023) are viable options to training single representations. Lastly,
further negative sampling techniques could also be explored, especially those which
function on-the-fly, where negatives are resampled immediately following each epoch
by using the latest weights of the model currently undergoing finetuning. ANCE (Xiong
et al., 2021) is one such example where hard negatives are sampled in this manner.

5.4 | Conclusion
In this work, we introduced the issue of table dependency in current text-to-SQL im-
plementations and highlighted the need for further research in this area. We reviewed
existing studies that directly address this challenge, as well as related works that, while
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focused on different goals, employed tools and techniques relevant to our research. Our
approach leveraged both sparse and dense retrieval methods, using BM25 for the former
and ColBERT-style late interaction maximum vector similarity for the latter. We utilized
two embedding models, BERTBASE and GIST-NoInstruct, and applied contrastive learn-
ing techniques inspired by ColBERT to enhance model performance. To support this,
we curated training datasets from scratch using LLM-based prompting. We explored
various negative sampling strategies, including uniform and weighted probability dis-
tributions. Additionally, we experimented with multiple data fusion techniques, such
as RRF, CombMNZ, and linear combination to combine retrieval results from different
methods like BM25 and MaxSim.

The strong results achieved in our experiments demonstrate that the table selection
techniques employed are viable candidates for overcoming the table dependency that
limits text-to-SQL solutions. The ColBERT training method proved effective in pro-
ducing strong embedding models, especially when combined with negative sampling
techniques such as uniform distribution and weighted probability distribution. Addi-
tionally, constructing in-house datasets via LLM prompting proved both time-efficient
and cost-effective. Although not as successful as our standalone models, experiments
with data fusion techniques, such as RRF, CombMNZ, and linear combination, also
indicated potential for improvement in areas where other models fall short.

The strong results from our experiments demonstrate that the table selection tech-
niques employed are viable for mitigating the table dependency that hampers text-to-
SQL solutions. The ColBERT training method was particularly effective in producing ro-
bust embedding models, especially when paired with negative sampling strategies such
as uniform and weighted probability distributions. Our best-performing model, NI_6.1,
significantly outperformed both lexical search and dense retrieval baselines using BERT
and base NoInstruct. Furthermore, generating in-house datasets through LLM prompt-
ing proved to be both time-efficient and cost-effective. While data fusion techniques,
such as RRF, CombMNZ, and linear combination did not surpass our standalone mod-
els, they showed promise for addressing cases where individual models underperform.

While applying the ColBERT MaxSim approach using our NI_6.1 model proves to
be a viable solution, it is important to consider the costs associated with an increasing
number of tables, as each table column requires a separate embedding. Storing embed-
dings is memory-intensive, particularly when using the HNSW method, which can lead
to higher computational costs. Additionally, performing embedding inference in cloud
environments such as AWS may further increase expenses, as many cloud platforms
charge per token inference. Latency is another critical factor, as this approach intro-
duces a preliminary step to identify the target table. In our experiments, embedding the
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query and selecting the relevant tables added between 1 and 3 seconds to the response
time. Such delays may be unacceptable for certain text-to-SQL applications. However,
this latency can potentially be reduced by running the embedding model locally rather
than in the cloud.

Incorrect table selection can also cause significant issues for downstream tasks. For
example, providing an incorrect table to the LLM may result in the model either rais-
ing an exception by refusing to generate the SQL, or, in the worst case, attempting to
generate the equivalent SQL query based on the wrong table. This can lead to incorrect
results being presented to the user. Such errors are often difficult to detect and may
only be noticed by the end user. Relying solely on the user’s observation is not reliable
and can be dangerous, particularly if the user assumes the output is correct. Therefore,
model interpretability must also be taken into account to mitigate these risks.
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Sample Training Examples

In this section, we provide samples of example triplets (q, p+, p-) from our two datasets
populated with negatives sampled using uniform distribution and weighted probability
distribution, respectively.

A.0.1 | Uniform Distribution
Below are two examples taken from the training dataset populated with negatives sam-
pled using uniform distribution. Each example starts with the query, followed by the
positive table, and ends with the negative table.
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Listing A.1: Uniform Distribution Example #1

What are the notification recipients for the deployment of

’My App ’?

software deployment Deployment ID Application Name Version

Build Number Release Status Deployment Status Environment

Deployed By Approved By Repository URL Branch Commit Hash

Deployment Date Last Updated Rollback Available Rollback

Version Artifact Location Config File Path Database

Migration Migration Script Path Dependency List Security

Patch Level Supported OS Cloud Provider Instance Type

Containerized Container Image Helm Chart Version Kubernetes

Namespace Monitoring Enabled Log Location Error Logs

Performance Metrics Notification Recipients

qwk compliance audit QCK ID Business Unit Audit Type Audit

Ref ID Loc Code Fac Name Rev Num Ent Type Site Addr QCK Ref

ID1 QCK Ref ID10 QCK Ref ID9 Comp Status Audit Date Auditor

Name Findings Desc Risk Level

Listing A.2: Uniform Distribution Example #2

Get the full address for companies located in ’TX’ with a

zip code starting with ’75’.

rbd tax compliance Tax ID Country Code Tax Region Comp Name

Addr Line1 Addr Line2 City State Prov Zip Code Filing Status

Last Updated On

fgh mobile app analytics app Id app Name country Code

device Type OS Version install Date last Opened user Id

session Duration in App Purchases ad Revenue fgh Analytics

Id
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A.0.2 | Weighted Probability Distribution
Below are two examples taken from the training dataset populated with negatives sam-
pled using weighted probability distribution. Each example starts with the query, fol-
lowed by the positive table, and ends with the negative table.

Listing A.3: Weighted Probability Distribution Example #1

Is there a way to check the API version being used at a

particular point in time?

vvv blockchain integration BC Tx Id BC Network BC Node Type

BC Consensus BC Block Height BC Block Hash BC Prev Block Hash

BC Merkle Root BC Nonce BC Timestamp BC Difficulty Target API

Endpoint API Version Integration Status Last Sync Time Err Log

Integration Notes

kpi data mining KPI ID Data Source Metric

Name Metric Alias Target Value Actual Value Status Calc Method

Freq Biz Unit Dept ID Last Updated Date is Active Flag Remarks

Listing A.4: Weighted Probability Distribution Example #2

What records have an uptime greater than a certain number of

hours?

vwx system diagnostics sys id diag time cpu util mem used disk

usage net traffic sys temp log level err count warn count last

reboot uptime hrs softwre Ver patch level node id cluster name

env details

dhcp ip address management IP Addr MAC Addr Subnet Mask

Gateway Lease Time DHCP Server Client Host Name Assigned

Date Expiry Date Client ID Is Reserved Vendor Class ID User

Class ID DHCP Pool
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B

Source Code

The source code and datasets used for this research can be downloaded from our public
Google Drive1. Table B.1 below provides further detail into the content of the down-
loadable directories. Unfortunately, the trained model weights could not be uploaded
due to their disk size of 11 GiBs (compressed). For those wishing to implement last-
meter/mile experiments, please reach out to us by sending an email.

1https://drive.google.com/drive/folders/1DeZ0K148a4H0Yzz2wKJ-e4Dv51f-z_5i?usp=drive_
link
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Appendix B. Source Code

Table B.1: Directory Information

Path Description
code/ All code

code/colbert_embed/ Code to embed text using the models
trained via the ColBERT method

code/common/ Common code which is used by multiple
classes

code/graphs/ Code to generate the metric visuals pre-
sented in this work

code/synthesize/ Code to synthesize the datasets
dataset/ All datasets

dataset/test/ The test datasets used to evaluate the re-
trievers

dataset/train/ The datasets used for training the models
dataset/train/linear_comb/ The datasets used to train the MLR model

for Linear Combination data fusion
dataset/train/uniform_distribution/ The training dataset built using uniform

distribution negative sampling
dataset/train/weighted_probability/ The training dataset built using weighted

probability distribution negative sam-
pling

A description of the directories found inside the downloadable content pertaining to the
implementation of this research.
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