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Abstract:

Text-to-Structured Query Language (SQL) enables natural language interfaces to
databases, yet its performance in low-resource languages such as Vietnamese is limited due
to scarce annotated data and translation noise. Existing few-shot prompting methods for
large language models (LLMs) typically rely on semantic similarity or random sampling,
which often results in redundant or syntactically misaligned in-context examples. To
address this limitation, we propose Vietnamese Intelligent Retrieval and Re-ranking (ViR?),
a two-stage, unsupervised example selection framework that first performs semantic
retrieval and then applies beam-guided re-ranking to jointly optimise syntactic alignment
and intra-set diversity. ViR? is fully language-agnostic and schema-free, making it suitable
for low-resource and cross-lingual Text-to-SQL scenarios. Experiments on ViText2SQL
demonstrate that ViR? achieves 23.33% Exact Match (EM) and 87.83% component-level
F1, outperforming Random, Skill-KNN, ASTRES, and DICL by up to 5 EM points.
Ablation studies confirm that Part of Speech (POS) -based syntactic re-ranking and beam
search are the principal contributors to performance gains, while maintaining practical
single query latency. By combining semantic relevance with syntactic diversity
optimisation, ViR? provides a robust and extensible approach for few-shot Text-to-SQL in
low-resource and multilingual environments.
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1. Introduction

Text-to-SQL translates natural language questions into executable SQL queries and is a
key task in semantic parsing and database interaction. The Spider benchmark [1] remains the
standard for cross-domain generalisation evaluation, with 10,181 questions and 5,693 complex
SQL queries in 200 databases over 138 domains. Even state-of-the-art parsers achieved only ~10-
12% EM accuracy under schema-splitting settings, illustrating the intrinsic difficulty of Text-to-
SQL on unseen schemas, where complex queries remain challenging to parse [2].

With the rise of large-scale autoregressive models such as GPT-3, few-shot prompting has
revolutionised Natural Language Processing (NLP) by allowing models to achieve new tasks
with only contextual examples and no updating of parameters. GPT-3 showed that very large
pre-trained LMs could match fine-tuned performance on diverse tasks through prompt
engineering alone [3]. In Text-to-SQL specifically, recent work has followed a chain-of-thought
style prompting and structure-aware examples in improving multi-step SQL generation; example
selection methods remain largely semantic-only or heuristic, without explicitly considering
syntactic structure or diversity among examples.

This has a greater consequence in low-resource languages. For Vietnamese, the dataset
ViText2SQL - a translation of Spider - is among the first large-scale resources enabling
evaluation of Vietnamese Text-to-SQL models. Prior findings confirm that Vietnamese-specific
models, such as PhoBERT, outperform multilingual counterparts when fine-tuned or prompted
[4]. Since most prompting pipelines rely on semantic similarity retrieval or random sampling,
they exploit little syntactic variation, resulting in suboptimal demonstration sets for complex
queries or larger schemas.

To overcome these shortcomings, we propose ViR?, an unsupervised retrieval strategy for
few-shot Text-to-SQL prompting that is both model-agnostic and language-agnostic. The name
ViR? reflects the two core stages of our approach-semantic retrieval followed by beam-guided
re-ranking - designed specifically to improve example selection for Vietnamese low-resource
natural language to SQL (NL2SQL) scenarios. ViR? works in two phases: a semantic retrieval
phase that selects candidate examples based on embeddings, followed by a beam-guided re-
ranking phase that selects a final demonstration subset based on syntactic similarity (via POS
overlap) and intra-set diversity. This pipeline is implemented in VIPERSQL, a modular
framework that integrates embedding modules, POS parsing (Underthesea/spaCy), various
example-selection strategies including random, Skill-KNN, DICL, ASTRES, and ViR? and
finally LLM prompting via configurable APIs.

Our experiments on both Vietnamese and English benchmarks, ViText2SQL and Big
Bench for Large-scale database Grounded Text-to-SQL Evaluation (BIRD), respectively, show
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that ViR? significantly outperforms baseline strategies regarding EM accuracy, valid SQL rate,

and component-level F1 while maintaining practical latency. Extensive ablation studies confirm
our suspicion that syntactic re-ranking is the leading contributor to performance gains, while
diversity constraints help mitigate redundancy in the prompt examples.

By marrying semantic relevance and syntactic complementarity, ViR* advances few-shot
prompting in low-resource and multilingual Text-to-SQL, thereby opening the path to more
intelligent and efficient natural language interfaces to databases. Recent progress in retrieval-
augmented NLP shows that search- and ranking-based strategies, such as Maximal Marginal
Relevance (MMR), embedding-guided beam exploration, and RankCoT, can substantially
improve context selection in complex generation tasks. Surprisingly, despite success in
summarisation, question answering (QA), and code modelling, such search-based techniques
have not been exploited for Text-to-SQL yet, especially in low-resource languages. Until now,
NL2SQL example-selection methods have mostly fallen back on pure semantic similarity or
heuristic clustering without a unified mechanism that jointly considers semantic relevance,
syntactic compatibility, and intra-set diversity. In fact, this directly motivates the design of ViR?,
bringing a principled search-based formulation to the few-shot Text-to-SQL example selection.

The next section reviews recent prompting and example-selection strategies, which
provide the context and motivation for the design of ViR2.

2. Related work

This section reviews prior work on prompt-based Text-to-SQL generation and situates our
method within the broader research landscape. We first review prompting strategies for large
language models, with particular focus on few-shot and chain-of-thought prompting. We then
examine techniques for selecting in-context examples, especially those designed to enhance
semantic relevance or structural diversity. Finally, we discuss challenges unique to low-resource
NL2SQL and survey search-based selection approaches, which together motivate the design of
our ViR? framework.

2.1. Prompting strategies for NL2SQL

Prompting methods for NL2SQL have rapidly advanced with LLMs, commonly
categorised into zero-shot, few-shot, and chain-of-thought prompting strategies.

Zero-shot prompting requires no in-context examples; the model directly generates SQL
from the input question. Although convenient and broadly applicable, zero-shot methods
generally perform poorly on complex or schema-wide queries. For example, the 14™ Conference
on Innovative Data Systems Research (CIDR 2024) report showed that naive zero-shot
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prompting achieved only ~5% SQL execution accuracy on benchmark tasks [5], underlining its

limitations regarding detailed semantic understanding and schema grounding.

In contrast, few-shot prompting provides LLMs with a small set of question-SQL pairs,
guiding generation with concrete examples and significantly improving performance. As
summarised in recent NL2SQL surveys (2024), the choice of examples critically influences
execution accuracy and generalisation across schemas [6]. In practical applications, even slight
variations in example selection can lead to large performance differences, indicating that the
choice of examples fundamentally determines few-shot success.

Chain-of-Thought (CoT) prompting further refines reasoning in NL2SQL by
decomposing complex queries into step-by-step logic. Methods such as Divide-and-Prompt and
least-to-most prompting [7] segment tasks into subtasks, enabling structured SQL generation
through iterative reasoning. Experimentation on the Spider benchmark showed CoT-based
prompts yield 5.2 to 6.5 point absolute improvements in execution accuracy over direct few-shot
prompting, confirming the value of intermediate reasoning annotations [8]. More recent work,
like ExCoT combines CoT with optimisation techniques, further enhancing execution quality and
demonstrating diminishing returns for zero-shot CoT prompts, reinforcing the superior value of
few-shot with reasoning paths [9]. DIN-SQL [5] follows this trend by decomposing Text-to-SQL
prompting into modular steps - schema linking, Natural SQL (NatSQL) [10] transformation, and
self-correction with execution feedback - achieving strong results on English benchmarks. These
improvements highlight the benefits of reasoning-oriented prompts but also emphasise the
importance of high-quality example selection.

2.2. Example selection techniques

Effective example selection is a critical factor in few-shot NL2SQL prompting, as the
choice of in-context demonstrations largely determines SQL generation quality. The simplest
approaches rely on random sampling or semantic K-Nearest Neighbors (KNN) retrieval, where
examples are chosen based on cosine similarity in embedding space (e.g., BERT, Sentence-
BERT). Although computationally efficient, semantic-only selection often retrieves topically
similar yet structurally redundant examples, leading to suboptimal demonstrations for
compositional SQL queries [6].

To improve semantic alignment, Skill-KNN introduces high-level “skill descriptions”
describing the required SQL operations - such as joins or aggregations - and retrieves examples
with similar skill profiles [11]. This reduces irrelevant matches but fails to capture syntactic
patterns or token-level POS variations.

A second line of work - clustering-based retrieval, including Diversity-based In-Context

Learning (DICL) and similarity-diversity sampling - aims to balance relevance and coverage by
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grouping examples in embedding space. DICL explicitly re-weights clusters to favour

structurally representative samples, partially mitigating redundancy [12]; however, clustering
remains semantic-centric and does not model SQL compositionality directly.

To address syntactic mismatch, Z. Shen, et al. (2024) [13] propose Abstract Syntax Tree
(AST)-based Reranking and Schema pruning (ASTRES), which ranks candidates via AST
similarity and prunes schema elements to improve cross-schema matching. While AST-level
retrieval improves structural alignment more than semantic-only methods, it still lacks a global
selection mechanism that jointly optimises syntactic alignment and intra-set diversity.

Finally, several approaches are specifically tailored for batch-oriented prompting, such as
Partitioning and Targeted Drilling with LLMs in Text-to-SQL (PTD-SQL) [14] or Auto-Demo-
style pipelines. These methods construct drilling banks and match examples via semantic
similarity across batches. Although effective for large-batch inference, they are not designed for
single-query selection, and they do not incorporate explicit syntactic scoring or diversity
constraints-two factors that are particularly important when K is small and schema variability is
high.

Overall, existing techniques emphasise either semantic similarity, clustering-based
diversity, or AST-level structural matching. However, none integrates semantic retrieval,
lightweight syntactic cues (e.g., POS tags), and global diversity-aware ranking within a unified
search framework, leaving a gap that motivates the design of ViR

2.3. Limitations of existing techniques

Despite notable progress, existing example-selection methods still exhibit several
limitations in the context of complex SQL generation and low-resource settings.

First, semantic-centric retrieval (KNN, clustering-based methods like DAIL-SQL [15] or
similarity-diversity sampling) tends to produce example sets that are semantically close but
structurally redundant, offering limited coverage over SQL operators (e.g., joins, nested queries,
set operators) [16]. This becomes problematic for models that rely on few demonstrations to
generalise across diverse schemas.

Second, methods that integrate structural cues-like Skill-KNN or ASTRES-eliminate
some of these issues but stay incomplete: Skill-KNN relies on LLM-generated skill descriptions,
disregarding syntactic cues at the POS level, while ASTRES neither models intra-set structural
diversity explicitly nor performs global re-ranking over candidate subsets. Consequently, none
of them truly considers the needed compositional variety for robust few-shot prompting.

While the batch-oriented prompting methods, like PTD-SQL and Auto-Demo pipelines,
are efficient for large-scale inference, they are not directly applicable in single-query NL2SQL
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scenarios where each decision should be optimised per question. Their reliance on semantic

matching without structural selection further limits their effectiveness in low-resource settings.

Finally, none of the above methods exploit a search-based mechanism-such as beam
exploration-to jointly take into account semantic relevance, syntactic compatibility, and intra-set
diversity in the process of selecting K examples. The lack of unified optimisation often results in
suboptimal sets of demonstrations, especially in a language like Vietnamese, where translation
artifacts and schema drift further amplify syntactic mismatch.

These limitations collectively motivate the development of ViR?, which combines
semantic retrieval, POS-based syntactic alignment, and diversity-aware beam-guided re-ranking
to provide a more comprehensive solution for low-resource NL2SQL prompting.

2.4. Low-resource NL2SQL challenges

Research on Vietnamese NL2SQL remains fundamentally constrained by the lack of
native, large-scale datasets. Current efforts primarily rely on ViText2SQL, a machine-translated
version of Spider, which, despite its utility, introduces substantial translation noise such as
schema drift, unnatural phrase structures, and mismatches between Vietnamese expressions and
database column names [1, 4]. A quantitative breakdown of these translation artefacts is provided
in APPENDIX. These issues directly impair the alignment between natural-language queries and
SQL semantics, making the Text-to-SQL task more fragile than in English.

Beyond ViText2SQL, several Vietnamese structured-query and structured-reasoning
datasets have emerged, but none are native NL2SQL resources. Open-ViTabQA [17] contains
9,911 question-answer pairs over 329 Wikipedia tables spanning 41 domains, and is designed for
table-based QA rather than SQL generation. Its questions require complex reasoning over
heterogeneous table structures, including merged cells and multi-row/column alignment, and are
evaluated with both answer-level F1 and the Binary Inference Fidelity (BIF) metric to capture
logical consistency. Although Open-ViTabQA does not provide SQL annotations, its table-
grounded reasoning closely parallels schema-grounded Text-to-SQL and highlights the need for
demonstrations that are structurally diverse and robust to noisy tabular layouts-precisely the type
of few-shot examples that ViR? aims to select.

Similarly, ViWiQA [18] focuses on Vietnamese open-domain QA over Wikipedia,
combining hyperlink-graph-based retrieval with strong reader models on benchmarks such as
UIT-ViQuAD and VIMQA. While not SQL-based, ViWiQA demonstrates that Vietnamese
systems still struggle with retrieval-augmented reasoning when operating over large, noisy
knowledge bases, due to sparse high-quality corpora and limited supervision. This again
underscores the importance of robust example selection rather than relying solely on naive

semantic similarity, especially in multilingual or translation-imperfect settings.
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VIMQA [19] further stresses the complexity of Vietnamese reasoning tasks: it comprises

more than 10k question-answer pairs that require multi-hop inference; the reasoning pattern
resembles the compositional nature of SQL queries. Moreover, the structural variability in these
datasets suggests that ViR?’s lightweight POS-based syntactic modelling and diversity-aware
demonstration selection could also be beneficial for table-grounded or multi-hop QA tasks, where
structural alignment and reasoning complexity strongly influence model performance through
the aggregation of multiple evidence paragraphs, together with sentence-level supporting facts.
Although VIMQA operates in an extractive QA paradigm, its multi-step inference model
performance. A concise comparison of these Vietnamese datasets is provided in Table 1,
highlighting their scale, task formulation, and structural characteristics in relation to NL2SQL.

Table 1. Overview of Vietnamese structured question answering and Text-to-SQL datasets
relevant to low-resource natural language to SQL research.
Dataset Task / Output Notes

~7k Q-SQL pairs; 166 DBs; machine-translated from
Spider; contains translation noise and schema drift.

9,911 QA pairs over 329 Wikipedia tables; 41 domains;
includes merged cells, multi-row alignment.

ViText2SQL Text-to-SQL (SQL queries)

Open-ViTabQA Table QA

Uses Vietnamese Wikipedia; emphasises retrieval-
augmented QA; evaluated on UIT-ViQuAD and VIMQA.

~10k multi-hop questions; requires supporting facts and

ViWiQA Open-domain QA

VIMQA Multi-hop QA ) . .
multi-step inference over multiple paragraphs.

SQL: Structured Query Language; QA: question answering.

Taken together, low-resource Vietnamese NLP faces three compounding issues: (i)
scarcity of native annotated NL2SQL datasets, forcing reliance on machine-translated corpora
with inherent inconsistencies; (ii) weak cross-domain generalisation, due to limited training
resources and translation artifacts that disrupt schema alignment; and (ii1) structural and
reasoning complexity, evidenced by Vietnamese table QA and multi-hop QA benchmarks, which
expose the need for syntactic cues and example-set diversity. These observations align with the
design philosophy of ViR?, reinforcing its emphasis on semantic-syntactic complementarity and
diversity-aware selection as key ingredients for robust question-to-query modelling in low-
resource environments. In the following section, we introduce ViR?, which operationalises these
insights through an unsupervised two-stage framework that integrates semantic retrieval with
lightweight syntactic cues and diversity-aware example set construction.

2.5. Search- and ranking-based selection in prompting

Different approaches, including search- and ranking-based methods, have been

investigated to improve in-context example selection by balancing semantic relevance and
7
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diversity. Techniques such as MMR have been used to reduce redundancy while keeping

relevance, and ranking-aware selection has proven effective in retrieval-augmented generation
and summarisation [20]. Recent work including PromptRefine [21] shows that embedding-based
retrieval along with diversity-aware filtering can select few-shot informative demonstrations
effectively, in particular for low-resource languages where high-quality examples are few.
PromptRefine utilises example banks of related languages and employs similarity-guided
ranking for the refinement of example sets. It presents how cross-lingual retrieval and selection
can significantly impact few-shot performance. Meanwhile, RankCoT [22] incorporates ranking
into chain-of-thought prompting for the sake of improving multi-step reasoning. Nonetheless,
these are effective, without an existing effort in NL2SQL-mainly for low-resource languages-
using beam-guided re-ranking which jointly considers semantic relevance, syntactic similarity
and intra-set diversity. This gap has directly motivated us to design ViR?, which will leverage
semantic retrieval followed by beam-guided syntactic-diversity re-ranking, filling the mentioned
limit and setting up the stage for the method that is discussed in the next section.

3. ViR%: Two-stage unsupervised example selection

Motivated by the limitations discussed above, we propose ViR? for in-context example
selection in NL2SQL, an unsupervised and language-agnostic framework. Unlike existing
methods that rely on semantic similarity or heuristic clustering, ViR? combines semantic retrieval
with beam-guided re-ranking to jointly optimise semantic relevance, syntactic alignment, and
intra-set diversity. Our method consists of two stages. First, semantic retrieval selects the top-M
candidate examples most relevant to the input question. Second, beam-guided search explores
and scores multiple example subsets to select the top-K demonstrations for prompting a large
language model. This two-stage design enables ViR? to produce structurally diverse and
contextually aligned prompts without requiring any labelled data or schema annotations. It is
particularly suitable for low-resource and cross-lingual NL2SQL scenarios.

3.1. Problem definition

In few-shot NL2SQL prompting, the model receives a natural language question g and a
pool of M candidate examples:

€ ={Cy,C,,...,Cy} (1)

where each candidate C; consists of a question-SQL pair. The objective is to select a subset of K
examples:

(g* = {Eli Ez, ...,EK} ccC (2)

that best guides a LLM to generate the correct SQL query for q. We formalise example selection
as an unsupervised optimisation problem:
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E* = argmax S(E,q); Ec C;|E] =K (3)

where argmax S(&, q) is a scoring function that evaluates each candidate set based on three
complementary criteria:

(1) Semantic relevance: The selected examples should be topically related to the input
question.

(2) Syntactic alignment: The examples should exhibit surface-level structural similarity,
measured through token-level POS-tag overlap between the question and candidate examples.
This lightweight syntactic signal effectively complements semantic cues, consistent with
cognitive evidence on the interplay between parsing and meaning construction [23].

(3) Intra-set diversity: The example set should cover a variety of SQL operations to avoid
redundant prompts.

- Stage 1: Semantic = - -
| Retrieval (PhoBERT/BERT) >= A=
Natural Language - - -
Question
Top M candidates
Stage 2 - Reranking i
el I e i

|

|

Beam Search |
. — POS Match — Score Beam Sets

Expansion |

|

|

L = = o o o o o e e e e e e e e e e e e e e e e e e e e e e

Top k examples

Fig. 1. Vietnamese Intelligent Retrieval and Re-ranking two-stage example selection
framework.

This problem formulation is illustrated in Fig. 1, which presents the overall ViR? pipeline,
and Fig. 2, which details the beam-guided re-ranking process used to explore and score candidate
example sets. By combining semantic retrieval and beam-based search with syntactic and
diversity scoring, ViR? efficiently identifies the most informative in-context examples for

NL2SQL prompting without requiring any labelled data, schema annotations, or execution
feedback.
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3.2. Stage 1 - Semantic retrieval

The first stage of ViR? focuses on efficiently narrowing the candidate pool by retrieving
the most semantically relevant examples for a given Vietnamese question. Each question and
candidate example is encoded using PhoBERT [24], which has demonstrated strong performance
in capturing both semantic and syntactic features for Vietnamese. Semantic similarity between
the input question g and each candidate C; is computed via cosine similarity:
hgh

sim(q, C;) = Iihgll-Ihyl

4)
where h, and h; are the PhoBERT embeddings of the input question and the candidate example.
The top-M examples with the highest similarity scores are retained as the retrieval pool:

Ciop-v = TopM(C, sim(q, C;)) (5)

which is then passed to Stage 2 - Beam-guided re-ranking for structural and diversity-aware
selection (see Fig. 1).

By design, this semantic retrieval step is lightweight and unsupervised, requiring no
schema annotations or SQL execution feedback. While ViR? is developed primarily for
Vietnamese NL2SQL, its adaptability to English is demonstrated later in Section 5 through
ablation studies.

3.3. Stage 2 - Beam-guided re-ranking

After Stage 1 produces a semantically relevant retrieval pool Cy,p.y, Stage 2 performs

beam-guided re-ranking to select the final top- K examples. Instead of relying on greedy
selection, beam search systematically explores multiple candidate subsets to balance semantic
relevance with structural compatibility. In our framework, this structural signal is operationalised
through lightweight token-level POS-tag overlap, which provides robust syntactic cues during
example set construction. Such joint semantic-syntactic guidance is essential, as LLMs often fail
to make consistent use of long prompts when relevant demonstrations are buried or structurally
mismatched [24].

At each step, beam search expands partial sets by adding one new candidate example and
evaluates each beam using a composite scoring function:

S(E, Q) = Asem * Sem(E, Q) + )\syn ) Syn(‘g: Q) + Adiv Div (&) (6)

where Sem(&, q) means cosine similarity between g and the examples in €; Syn(&, q): means
syntactic alighment measured via POS-tag overlap. Div(€) means intra-set diversity, measured

10
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by 1- average pairwise cosine similarity among selected examples; Aserm, Agyn, Agiy are non-

negative weights balancing the three components.

In practice, we fix Ay, = 1 and Ay, = 1, and tune Ag;, using a small grid search over

{0.1, 0.3, 0.5} on a held-out portion of the ViText2SQL development set, selecting A4, = 0.3 as
the best trade-off between syntactic alignment and diversity. This value is then kept fixed for all
experiments in Sections 4-5.

For a question g and a candidate example C;, we compute:
POS_matching(q, C;) = ﬁzte o 1[POS(t) € POS(C)] (7)

where POS(t) is the POS tag of token t and POS(C;) denotes the multiset of POS tags appearing
in C;. This normalised overlap score provides a lightweight approximation of syntactic similarity
that is robust for short NL2SQL queries. Higher values indicate stronger structural
correspondence.

Beam search proceeds layer by layer (see Fig. 2):

- Initialisation: Each beam starts with a single example from Cp,_ .

- Expansion: Beams are expanded by adding the next candidate example.

- Scoring & Pruning: Each beam € is scored using S(&, q); only the top-B beams are kept.

- Termination: After K steps, the best-scored beam £*is returned as the final top-K
example set.

Formally, Stage?2 optimises the same objective defined in Eq.(3), but the search is
constrained to the semantically retrieved pool Cy,,.y. Beam search incrementally expands partial

sets and prunes low-scoring beams based on the composite score S(E, q), efficiently yielding the
final top-K examples.

11
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Computational Science

Fig. 2. Beam-guided expand-score-prune loop for final example-set selection in Vietnamese

Intelligent Retrieval and Re-ranking.

3.4. Implementation notes

ViR? is implemented as a modular and lightweight example selection framework,
designed to integrate seamlessly with NL2SQL pipelines such as VIPERSQL. The framework

exposes a unified interface:

selected examples = select(question=q, K=K)

12
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which encapsulates both Stage 1: Semantic retrieval and Stage 2: Beam-guided re-ranking. This

design allows the system to remain agnostic to the underlying LLM and easily compatible with
different prompting strategies, including standard few-shot and CoT prompting.

From an engineering perspective, ViR? has several notable characteristics:

Unsupervised and schema-free: The method does not require any labelled training data,
database schema annotations, or SQL execution feedback. This makes it particularly suitable for
low-resource settings, where annotated NL2SQL datasets are scarce.

Modular architecture: Embedding models and syntactic parsers are implemented as
pluggable components. In our default Vietnamese configuration, we use PhoBERT for semantic
encoding and a POS-tagger to obtain the token-level POS tags required for syntactic overlap
scoring in Stage 2. These modules can be seamlessly replaced with English or multilingual
counterparts, enabling cross-lingual and ablation studies without modifying the core ViR?
algorithm (see Section 5).

Computational efficiency: By first narrowing candidates via semantic retrieval and then
applying beam-guided pruning, the method avoids the combinatorial explosion of (1\1;1) subsets

while still achieving high structural coverage.

Extensibility: The framework can integrate additional scoring components (e.g.,
schema-linking confidence) or alternative search heuristics without altering its core interface.

Combined with the two-stage pipeline illustrated in Fig. 1 and the beam search mechanism
shown in Fig. 2, ViR? provides a practical and scalable solution for unsupervised example
selection in few-shot NL2SQL prompting. Its design enables straightforward adaptation to new
languages and domains, which is further validated in our experiments and ablation studies in
Section 5.

Open-source availability: The full implementation of ViR? and all experiment scripts are
publicly released on GitHub?.

4. Experimental setup

We investigated the effectiveness of ViR? for low-resource NL2SQL prompting through
experiments conducted in the Vietnamese setting, where labelled datasets are limited, and
translation artefacts affect SQL generation. We first evaluate ViR? on the ViText2SQL benchmark
in its original target language. Then, we extend experiments to English datasets, including BIRD,
to demonstrate cross-lingual generalisation. In this section, the overall experimental setup is
summarised, covering datasets, models, prompting strategies, and evaluation metrics.

Thttps://github.com/hoadm-net/ViPERSQL
13
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4.1. Datasets

Research in Vietnamese NL2SQL suffers from the severe lack of data, where no
large-scale native datasets like Spider or BIRD exist in English. We present results focusing on
ViText2SQL, supplemented with BIRD for some cross-lingual experiments.

ViText2SQL is a Vietnamese Text-to-SQL dataset translated from Spider, which involves
around 7k question-SQL pairs across 166 databases. It remains the only publicly available
Vietnamese NL2SQL benchmark of reasonable quality. The dataset retains Spider’s
cross-domain query diversity while introducing an additional layer of translation noise: schema
mismatches and lexical artifacts. In this sense, it forms an ideal benchmark for testing the
performance of ViR? under low-resource conditions. However, since it relies on machine
translation, ViText2SQL does not actually represent the native linguistic patterns in Vietnamese.
We will later discuss it in more detail in our cross-lingual and translation-robustness analysis,
Section 5.4.

We adopt the BIRD (dev) split for cross-lingual validation. Since BIRD does not offer a
public test set, the dev split is a standard choice for evaluation. In order to avoid overfitting to
high-resource English benchmarks and also maintain consistency with our low-resource setting,
we evaluate ViR? on a reproducible subset of 500 queries, sampled using a fixed random seed
(seed=42) and uniform sampling per database in order to maintain schema diversity. This
controlled sampling strategy ensures that our cross-lingual evaluation reflects structural diversity
rather than dataset scale, thereby enabling clearer attribution of performance differences to
example-selection behaviour instead of resource imbalance.

To put the Vietnamese resource landscape into perspective, we also draw on three
structured-reasoning datasets-Open-ViTabQA, ViWiQA, and VIMQA-though these are not
directly used for evaluation. Open-ViTabQA points out, for instance, the challenges of table-
grounded reasoning with, among others, merged cells and multi-row alignment. ViWiQA points
to retrieval-augmented limitations for Vietnamese open-domain QA, while VIMQA illustrates
the difficulty of multi-hop compositional reasoning. Taken together, these limitations highlight
the lack of native NL2SQL resources and motivate our experiments to focus on the closest
available benchmark, ViText2SQL.

A summary of both datasets is provided in Table 2, and the SQL query type distribution
of ViText2SQL is analysed in Table 3 to highlight the skew toward complex queries.
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Table 2. Summary of datasets.

Dataset Language Origin #Questions #Databases
ViText2SQOL Vietnamese Spider (MT) 7,000 166
BIRD (dev) English Native 10,000+ 600+

Table 3. Structured Query Language query type distribution in ViText2SQL.

SQL type Description Count Percentage (%)
SET OP UNION/INTERSECT/EXCEPT 419 6.1

SUBQUERY Contains subqueries 764 11.2

JOIN Multi-table join operations 2,582 37.8

GROUP Includes GROUP BY 666 9.7

AGG Aggregation (COUNT, SUM, AVG, etc.) 774 11.3

ORDER Includes ORDER BY 527 7.7

SELECT WHERE Simple SELECT with WHERE 860 12.6

SELECT ONLY Simple SELECT without conditions 239 3.5

SQL: Structured Query Language.

The ViText2SQL dataset is heavily skewed toward JOIN queries, with relatively few
simple SELECT statements. This pattern underlines the need for diverse example selection to
cover a range of SQL structures, as detailed in Table 3.

Overall, ViText2SQL is small, translation-based, and dominated by complex queries,
which makes it ideal for evaluating unsupervised example selection in low-resource scenarios.
In contrast, BIRD (dev) provides a native English benchmark that we sample partially to
demonstrate the cross-lingual compatibility of ViR? with an eye toward full high-resource
optimisation.

4.2. Language models and tools

Following the focus of ViR? on Vietnamese NL2SQL, our default configuration uses
PhoBERT-base-v2 for semantic embeddings and Underthesea for POS tagging. PhoBERT has
been shown to effectively capture Vietnamese lexical and syntactic properties. Underthesea
tokenises and brings in POS annotations that are consistent between colloquial and formal
Vietnamese. Importantly, neither module requires additional fine-tuning since ViR? operates in a
purely unsupervised setting.

To investigate cross-lingual generalisation, we adapt ViR? to English by replacing

PhoBERT with BERT-base-uncased for semantic encoding and Underthesea with the lightweight
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spaCy en_core_web sm model for POS tagging. We deliberately use the small spaCy model for

two reasons: (1) it reduces latency by an order of magnitude during beam-guided re-ranking, and
(1) pilot experiments with medium and large variants show negligible performance differences
(<0.3 EM) for our syntactic-overlap scorer, which relies only on coarse token-level POS
categories rather than fine-grained dependency structures. This observation aligns with prior
findings that in-context retrieval benefits more from high-quality embeddings than from heavy
syntactic models.

Table 4 summarises the embedding and parsing tools used in our Vietnamese and English
setups.

Table 4. Embedding models and Part of Speech parsers.

Language Embedding model POS parser Usage scope
Vietnamese =~ PhoBERT-base-v2 (VinAl) Underthesea Default ViR? configuration
English BERT-base-uncased spaCy (en_core _web_sm) Cross-lingual ablation

POS: Part of Speech; ViR*: Vietnamese Intelligent Retrieval and Re-ranking.

For Stage 1 (semantic retrieval), sentence-level embeddings are extracted using the
corresponding BERT/PhoBERT model, and cosine similarity is applied to rank candidate
examples. For Stage 2, POS tags from the associated parser contribute to syntactic-alignment
scoring in the composite function S(&, q) (Eq. 6). This modular architecture allows ViR? to
switch between languages without retraining and without any schema-dependent supervision,
making it suitable for low-resource NL2SQL scenarios and cross-lingual evaluation.

For SQL generation, we use a single LLM configuration across all experiments. Unless
otherwise stated, ViR* generates SQL with the GPT-4.1-mini model (OpenAl, May-2025
snapshot), accessed via the VIPERSQL prompting interface with temperature = 0.1, top-p = 1.0,
and a maximum output length of 2,000 tokens. Chain-of-thought decoding is disabled unless
explicitly evaluated (e.g., zero-shot CoT in Section 5). Although VIPERSQL supports alternative
backends such as GPT-4.1-Turbo and Claude 3.5-Sonnet, these models are not used in the results
reported in this article.

4.3. Prompting strategies

We evaluate ViR? under three prompting paradigms for Text-to-SQL: zero-shot, few-shot,
and CoT. These settings are chosen to assess both baseline performance and the impact of
example selection on low-resource NL2SQL. All few-shot experiments use the same candidate
pool size M = 50, top-K = 3 examples for prompting, and a beam size of 5 in Stage 2 of ViR?,
unless otherwise stated.
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Zero-shot prompting: The LLM generates SQL queries without any in-context examples.

This serves as a lower-bound baseline, generally effective only for frequent or simple query
types.

Few-shot prompting: The LLM is provided with K question-SQL example pairs as
in-context demonstrations. We evaluate four example selection strategies under identical M and
K configurations:

- Random: Uniformly sampled examples.
- Skill-KNN [11]: Retrieval based on skill-oriented descriptions.
- DICL [12]: Clustering-based selection for structural diversity.

- ViR? (ours): Two-stage selection combining semantic retrieval and beam-guided
syntactic-diversity re-ranking.

By using identical M and K across methods, we ensure fair comparison and isolate the
impact of example selection.

CoT prompting: We apply CoT prompting to encourage step-by-step reasoning in Text-
to-SQL generation. CoT is tested in both zero-shot and few-shot settings, allowing us to evaluate
whether structurally diverse examples selected by ViR? further enhance reasoning performance.

To ensure reproducibility, we summarise all LLM-related hyperparameters used in our
experiments-including model backend, decoding configuration, and maximum output length-in
Table 5 below. These parameters remain fixed across all prompting strategies and languages
unless otherwise specified.

Table 5. Large language model hyperparameters for reproducibility.

Parameter Value Notes

LLM backend GPT-4.1-mini Used for all SQL generation experiments
Temperature 0.1 Stable decoding for deterministic SQL structure
Top-p 1.0 Default greedy-sampling hybrid

Max output length 2,000 tokens Ensures full SQL generation without truncation
CoT mode Disabled unless specified Enabled only in CoT experiments

Random seed 42 Controls reproducibility of few-shot sampling

LLM: large language model; SQL: Structured Query Language; CoTl: Chain-of-Thought.
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4.4. Evaluation metrics

Our evaluation is based on the metrics adopted in the original ViText2SQL benchmark,
focusing on SQL generation quality rather than execution accuracy due to the lack of public
databases. We report three complementary metrics, including EM, Valid SQL Ratio, and
Component-level F1, summarised in Table 6. In this regard, EM measures the percentage of the
predicted SQL queries exactly matching the reference SQL string after canonical formatting. This
metric is strict and sensitive to table alias variations, ordering of conditions, and formatting
choices. Valid SQL Ratio measures the proportion of syntactically valid SQL queries that can be
parsed by a SQL parser. Reflecting structural correctness, it fails to capture semantic faithfulness.

Table 6. Evaluation metrics.

Metric Description Purpose
Measures full query generation
EM % of predicted SQL queries identical to gold SQL ures U query genetat
accuracy
Valid SQL
ratio Q % of syntactically valid and parsable SQL queries Evaluates structural correctness
i

F1 for major clauses (SELECT, WHERE, GROUP Captures partial correctness and

Fl-score
BY, etc.) coverage

EM: Exact Match; SQL: Structured Query Language.

For instance, Component-level F1 - which has now been better defined - is a more fine-
grained assessment by calculating precision and recall over major SQL clauses. According to the
ViText2SQL specification, every SQL query is decomposed into clause-level components, such
as SELECT, WHERE, GROUP BY, ORDER BY, aggregation functions, JOIN conditions, etc.,
and F1 i1s computed against predicted components to gold components. This captures partial
correctness even when the full SQL string does not exactly match and thus is more robust to
aliasing and formatting differences in low-resource settings.

In addition, because ViR? introduces a two-stage retrieval and re-ranking pipeline, we also
measure end-to-end latency (semantic retrieval + re-ranking + LLM inference) to reflect the
practical feasibility of each example-selection strategy. Latency is averaged over all queries and
reported in seconds.

Together, these metrics jointly evaluate accuracy, structure, and practical usability,
providing a fair and reproducible comparison between ViR? and all baselines.
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5. Results and analysis

We now report the experimental results of ViR? on both Vietnamese and English NL2SQL
benchmarks. This section evaluates the framework across the prompting strategies and example
selection methods introduced in Section 4, focusing on low-resource settings and cross-lingual
generalisation. First, we report the overall accuracy and validity of SQL generation on
ViText2SQL and then compare the baselines on BIRD to show the language-agnostic
adaptability. Additional analyses, including ablation studies and latency measurements, provide
further insight into the contribution of semantic retrieval, syntactic alignment, and diversity-
aware re-ranking.

5.1. Prompting strategy comparison (Vilext2SQL)

We start by running several baseline prompting paradigms on ViText2SQL: zero-shot,
random few-shot, and CoT prompting. In the few-shot setting, examples are randomly sampled,
while CoT is run both without in-context examples (zero-shot CoT) and with random few-shot
demonstrations. For completeness, we also include a fine-tuned baseline from the original study
about ViText2SQL [4]. The results in terms of EM, Component-Level F1, and latency are in
Table 7.

Table 7. Prompting strategy performance on ViText2SQL.

Prompting strategy EM (%) Component-level F1 (%) Latency (s)
Baseline 533 74.36 n/a
Zero-Shot 10.12 81.50 2.425
Few-shot (Random) 18.33 86.04 3.312

CoT (w/o examples) 6.67 81.63 11.562
CoT (with random examples) 18.21 83.74 11.512

EM: Exact Match; CoT: Chain-of-Thought.

Compared with the fine-tuned baseline, GPT-based prompting exhibits a different
performance profile, achieving high component-level F1 but relatively low EM. This gap arises
because LLMs often generate semantically correct queries that differ from the reference SQL in
table or column aliasing, which reduces exact string matching accuracy. While the zero-shot
prompting only achieves 10.12% EM, even random few-shot examples almost double the EM
and elevate F1 to 86.04%, which indicates the minimal context helps the model align better with
schema structure.

CoT reasoning gives a mixed result. Zero-Shot CoT reaches similar F1 to the standard
zero-shot but drops in EM, underlining that reasoning itself cannot solve the schema grounding
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problem. Furthermore, this setting is not applicable in real life due to its inference latency of

11.562 s/query. When CoT is combined with randomly sampled demonstrations (“CoT with
random examples”), EM substantially improves (from 6.67 to 18.21%), but F1 only increases
modestly. Again, it confirms that CoT benefits from contextual cues, yet random demonstrations
still lack syntactic alignment for robust schema grounding. These observations again point out
that semantically rich queries, which are syntactically unaligned, remain a bottleneck; hence,
structurally diverse and syntactically compatible few-shot examples are needed to help improve
both EM and F1 results when the resource is low.

5.2. Example selection performance

We next evaluate the effect of different example selection strategies for few-shot
prompting on ViText2SQL, using a candidate pool size of M = 50 and K = 3 in-context
examples. Four representative baselines are considered-Random, Skill-KNN, ASTRES, and
DICL-alongside ViR? (ours), which combines semantic retrieval with beam-guided
syntactic-diversity re-ranking.

Figure 3 shows the EM results for all strategies. EM is the most informative metric for
this comparison because it directly reflects the model’s ability to generate canonical SQL queries
consistent with reference outputs.

25
23.33

22.00

20
18.33 18.00 18.67

15

Exact Match (%)

0
Random Skill KNN ASTRES DICL ViR?

Fig. 3. Exact Match (%) of example selection strategies on ViText2SQL.

From this figure, several observations emerge: First, the highest EM is 23.33% by ViR?,
which clearly outperforms all baselines, confirming that semantic relevance, syntactic alignment,
and intra-set diversity should be combined for effective few-shot prompting in low-resource
NL2SQL. DICL has a rank of second with 22.00%, benefiting from structural clustering but still
without global beam-guided optimisation. ASTRES improves over random and Skill-KNN
slightly due to its AST-level alignment but lacks diversity-aware re-ranking, thus allowing it only
a small EM gain.
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In contrast, ViR? consistently finds example sets that are semantically relevant yet

structurally complementary, thereby yielding higher EM without prohibitive latency. These
results demonstrate that the quality and structural diversity of in-context examples are more
critical than quantity, which validates the design choices of ViR? for low-resource Text-to-SQL.

5.3. Ablation study

To analyse the contribution of each component in more detail, we perform an ablation
study by removing modules one at a time from the full system. In particular, we assess three
ablated variants: removing the POS-based syntactic alignment (“No POS”), removing diversity-
aware scoring (“No Diversity”), and replacing beam search with greedy selection (“No Beam”).
All experiments are run under identical settings on ViText2SQL with M = 50,K = 3.

Table 8 shows the ablation results where removal of each module decreases the scores of
EM and F1.

Table 8. Ablation study on ViR? components (ViText2SQL).

Model Exact Match F1

ViR? 23.33 87.83
ViR? No POS 21.67 86.70
ViR? No Diversity 23.33 87.25
ViR? No Beam 22.67 87.66

The results show that the full ViR> model achieves the highest EM and F1, confirming the
benefit of integrating all components:

- Removing POS-level matching leads to a clear drop in both EM and F1, indicating its
importance for aligning examples with the target query syntactically.

- Disabling the diversity module maintains EM but slightly reduces F1, showing that
structural variety improves clause-level correctness.

- Replacing beam search with greedy top-K selection causes moderate degradation in both
metrics, confirming that beam exploration helps avoid suboptimal example sets.

Overall, each module contributes to the final performance, and the full combination
provides the most consistent improvements, validating ViR*’s design as a modular yet synergistic
framework for low-resource NL2SQL.

5.4. Cross-lingual generalisation and GPT-translated data analysis

To assess the language-agnostic capability of ViR?, we perform two complementary cross-
lingual evaluations on the BIRD development set: (i) applying ViR? directly to English queries,
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and (ii) translating BIRD queries into Vietnamese to simulate a low-resource scenario where

English NL2SQL datasets are adapted into Vietnamese. As dataset characteristics have already
been described in Section 4.1, we focus here solely on how ViR? behaves under cross-lingual and
translation-induced variation.

We evaluate three settings:
(1) ViR? (En):

a) English BIRD dev queries processed using BERT-base-uncased for semantic retrieval
and spaCy (en core web sm) for POS tagging.

b) This setting isolates ViR*’s cross-lingual generalisation without involving translation.
(2) ViR*-Random (V1):
a) Vietnamese queries produced by GPT-4.1-mini translation.

b) In this ablation variant, Stage-1 semantic retrieval is preserved, but Stage-2 syntactic
re-ranking is disabled: the final K demonstrations are sampled uniformly at random from the
retrieved candidate pool Cy,, p, without applying POS-based alignment or diversity scoring.

c¢) This baseline isolates the contribution of ViR*’s re-ranking module and shows how
translated NL2SQL data behaves without structured example selection.

(3) ViR2 (Vi):

a) The same GPT-translated Vietnamese queries evaluated with the full ViR? pipeline-
PhoBERT embeddings + Underthesea POS tags.

b) This setting tests whether ViR? can mitigate the instability introduced by machine
translation.

Translation process: We translate each English query into Vietnamese using GPT-4.1-mini
with a constrained format preserving SQL-linked entities whenever possible. Although high-
quality, the translated queries frequently exhibit schema drift, unnatural phrasing, or inconsistent
terminology relative to column names-issues consistent with those previously observed in
ViText2SQL. A detailed quantitative audit of these translation artefacts is provided in
APPENDIX. This analysis allows us to specifically attribute performance drops to translation-
induced variability rather than dataset-specific factors already covered earlier.

Table 9 reports the EM and Component-F1 results for all three cross-lingual
configurations.
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Table 9. Cross-lingual and GPT-translated performance on Big Bench for Large-scale
database Grounded Text-to-SQL Evaluation (Exact Match and F1 in %).

Model Exact Match F1

ViR? (En) 1.78 79.25
ViR? Random (Vi) 4.32 79.43
ViR? (Vi) 1.26 78.57

ViR?: Vietnamese Intelligent Retrieval and Re-ranking.

These results yield three main observations: First, ViR? generalises to English with 1.78%
EM and 79.25% F1 under the setting of ViR? (En). Although low in absolute EM-consistent with
the difficulty of BIRD-this confirms that ViR?’s semantic-syntactic scoring framework transfers
across languages with minimal modifications. Second, GPT-translated Vietnamese queries
perform poorly under random example selection with 4.32% EM despite a comparable
component-level F1 to English. This indicates that machine translation introduces structural
inconsistencies that disproportionately affect EM. Third, applying ViR? on translated Vietnamese
queries results in an EM drop to 1.26%, which suggests that translation artifacts hinder both
interpretation and example-selection quality. However, the relatively stable F1 score across all
settings indicates that ViR? maintains clause-level correctness even when translation noise
disrupts global SQL structure. These findings together highlight that: (i) ViR? is language-
agnostic; (ii) translation-based data augmentation is not reliable for NL2SQL; and (iii) high-
quality, native Vietnamese resources continue to remain indispensable for robust Text-to-SQL
research.

6. Discussion

Our experiments provide important insights into the effectiveness and generalisability of
ViR2. First, the results on ViText2SQL indicate that ViR? outperforms both the baseline
prompting strategies and the existing example selection methods. This convincingly
demonstrates that the combination of semantic retrieval, POS-based syntactic alignment,
diversity scoring, and beam-guided re-ranking forms an effective approach to few-shot Text-to-
SQL in low-resource settings. These ablation studies further indicate that each component
contributes to overall performance and that syntactic alignment and beam exploration are the
most important factors for improving EM accuracy.

Another exciting insight comes from the cross-lingual experiments: ViR? can be easily
adapted to English, for which only PhoBERT and Underthesea are replaced with BERT and
spaCy, respectively, proving the language-agnostic capabilities of the framework.
Simultaneously, experiments on GPT-translated BIRD queries show that automatic translation
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introduces schema mismatch, semantic drift, and unnatural phrasing, significantly lowering the

scores of EM despite the relatively stable component-level F1 scores. The results demonstrate
that machine translation cannot replace high-quality native NL2SQL datasets in low-resource
settings.

Despite these promising findings, several limitations still remain: ViR? relies on pre-
trained embeddings and POS parsers that can inherit domain or language biases. Furthermore,
the present framework does not make use of schema execution feedback nor database content;
as a result, it cannot disambiguate queries or resolve aliasing automatically. Overall, these
observations indicate that careful in-context example selection and language-sensitive prompt
engineering are crucial for building reliable Text-to-SQL systems in low-resource and
multilingual settings.

7. Conclusions and future work

This article introduced ViR?, a two-stage unsupervised framework for example selection
in few-shot Text-to-SQL, tailored for low-resource and multilingual scenarios. ViR? first
performs semantic retrieval to select candidate examples and then applies beam-guided re-
ranking that considers both POS-based syntactic alignment and structural diversity. Furthermore,
ViR? is integrated into our unified Text-to-SQL framework, VIPERSQL, which provides a
modular and extensible platform that supports multiple retrieval strategies, embedding
backbones, and prompting configurations, thereby facilitating reproducible research and
practical deployment across languages. Extensive experiments in ViText2SQL prove that ViR?
consistently achieves higher EM and component-level F1 than baseline prompting and existing
example selection methods. Ablation studies confirm the contribution of each module to
performance, and cross-lingual evaluations demonstrate that ViR? generalises to English.
Furthermore, experiments with GPT-translated Vietnamese queries show that automatic
translations introduce schema and semantic inconsistencies, which again highlights the
importance of high-quality contextual examples when resources are limited.

Despite these modest cross-lingual scores, ViR? remains practically valuable because it
operates without supervision, schema annotations, or language-specific resources and can
therefore function reliably even with noisy or translated data. Its ability to consistently improve
example selection under such constraints makes it directly applicable to real-world multilingual
NLIDB systems where high-quality native Text-to-SQL data are often absent.

Future work will focus on three directions.

First, we aim to incorporate schema-aware scoring and execution feedback to further
improve query disambiguation and handle aliasing automatically.
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Second, we plan to explore adaptive beam and diversity control, allowing the framework

to dynamically adjust to different database schemas and query complexity.

Finally, lightweight multilingual adaptation and embedding alignment will be investigated
to enhance cross-lingual performance without requiring high-quality parallel datasets.

By combining language-agnostic design, structural reasoning, and unsupervised example
selection, ViR? provides a practical and extensible approach for robust Text-to-SQL in
low-resource and multilingual environments, forming a solid foundation for future research in
multilingual natural language interfaces to databases.

APPENDIX: Quantitative Audit of Translation Noise in ViText2SQL

To assess how translation artefacts may affect Text-to-SQL performance, we conducted a
lenient-criteria audit of 700 randomly sampled questions (=10% of the ViText2SQL training
split). Only severe and unambiguous issues were counted-minor synonym choices or stylistic
differences were not considered errors.

Issue type Rate Description
Schema Drift (SCH) 13.9% Ql.lestion uses natural Vietnamese terms that do not align with
mixed-language schema names.
EN-VI inconsistency in literal values (titles, room names,
Entity Mismatch (ENT) 5.3% y A values ( g
product names).
Structural Mismatch (STR)  5.0% Question phrasing underspecifies or misleads the SQL structure.
Lexical Issues (LEX) 0.4% Minor typos or awkward phrasing caused by translation.
No Issues (OK) 81.3% Translation is good and semantically faithful.

These findings show that ViText2SQL remains broadly usable but contains non-trivial
translation artefacts (18.7%) that can affect schema alignment and structural interpretation. This
supports our argument that native datasets are preferable, and that ViR?’s syntactic-aware
example selection helps mitigate such inconsistencies.

Representative examples from the audit
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Question: "Tim nhiing ngudi ban co6 gidi tinh nit cua Alice."

SQL: ... WHERE t2.tén = "Alice" AND tl.gi¢i_tinh = "female"

Issue: "nhitng nguoi ban" (colloquial) vs schema column "ban be".

— Natural phrasing mismatches schema terminology.

Question: "Cho biét trang tri trong phong 'An dat va thach thirc"

SQL: WHERE tén_phong = "Recluse and defiance"

Issue: Entity translated inconsistently (VI — EN).

These examples demonstrate how translation noise appears in practice: schema
vocabulary drift, EN-VI entity inconsistency, and discrepancies between question phrasing and
SQL complexity.

Implication for ViR’
Because many errors involve lexical variation but preserved syntactic structure, ViR?’s

POS-pattern matching and diversity-aware re-ranking help reduce the impact of these
inconsistencies-reinforcing the motivation for our design.
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