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Abstract

The Text-to-SQL project converts plain human language to SQL to make
databases more accessible to everyone, but there are few Indonesian resources;
this research provides an Indonesian Text-to-SQL benchmark and tests modern
language models. We developed a benchmark of 60 queries across six complexity
types on two databases (Sakila and a cooking Resep database) and tested four
models - Gemini 2.5 Flash, Gemini 2.5 Flash Lite, Gemma-3-27B-IT, and the
locally run Gemma-3n-E2B, with measures of execution success, row-match
accuracy, speed (ms), and token usage. The model (Gemini 2.5 Flash) achieved
100% execution success and 95% row-match correctness, with an average
response time of 4,707 ms. With a moderate accuracy drop to 75%, Flash Lite
reduced the delay to 1,249 ms. With 5,684 ms, Gemma-3-27B-IT achieved 81.7-
82% of its accuracy. With a latency of 159,818 ms, the CPU only Gemma-3n-
E2B achieved 21.7-22% accuracy. Models hosted on the cloud are highly
accurate at interactive delays, although small local models running on the CPU
are not. We conclude that Gemini 2.5 Flash is the most reliable overall, while
Flash Lite offers a practical speed-accuracy compromise. To support
reproducibility and further research impact, we release the benchmark and
evaluation pipeline and outline extensions (conversational contexts, retrieval-
augmented prompting, quantization, and caching) to improve the viability of
lightweight local deployments.
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1. Introduction

Natural language database interfaces have gradually developed from rule-based
approaches to neural methods to make data more accessible. Yet some of the most
fundamental challenges related to schema linking and compositional reasoning still
remain unsolved [1-4]. Meanwhile, Indonesian NLP is also growing fast. The
studies on conversational agents and scene-text understanding show that there has
been improvement in the recognition of different types of text inputs [5, 6]. The use
of contextual representation models increases the robustness of Indonesian NLP
tasks [7]. Effective semantic alignment between natural language and structured
representations is crucial for reliable automated interpretation [8]. When viewed
collectively, these studies bring out the need for dependable database interfaces in
regional data ecosystems which is rising.

Earlier studies are not consistent in a single interpretation, but repeated insights
could be utilized for the present study. Survey Evidence has demonstrated that
Text-to-SQL systems fail when schema grounding is poor or ignored [2]. Accuracy
alone can be misleading as high scores may not necessarily indicate reliabilities
across different complexity of schemas and thus models cannot reliably be
compared unless evaluated in standard way [9-12]. Furthermore, surface level
matching studies have failed to capture the intrinsic semantic mismatches; it has
been cautioned that structural similarity should not be disregarded, and more
recent work point out that linguistic stability should not be overlooked for the
evaluation of model robustness [13-15]. Taken together, such results suggest that
performance claims should be considered in light of accuracy and service
execution time [9].

Despite achieving these advances, there exist significant gaps, as there was no
reusable benchmark resource in previous Indonesian work [16, 17]. To fill such a
gap, we propose the first 60-query benchmark covering the schemata [18]. Our
research makes three fundamental contributions. First, it represents the first openly
accessible, multi-domain Indonesian Text-to-SQL benchmark that considers six
analytical domains. Second, it presents an in-depth analysis of state-of-the-art
large-scale language models like Gemini 2.5 and Gemma 3 in an integrated manner.
Third, it presents efficiency baselines to model deployment viability through
analysis of trade-offs of execution accuracy, delay, and tokens. All these aspects
are expected to contribute towards rigor and clarity in any future endeavours in the
realm of Indonesian Text-to-SQL research.

2. Methodology and Experimental Setup

This study employs a unified workflow that integrates benchmark creation, model
prompting, and evaluation. The benchmark contains 60 Indonesian Text-to-SQL
queries that represent six analytical categories across the Sakila and Resep
schemas, each paired with a gold SQL statement and expected outputs to reflect the
range of compositional challenges discussed in prior evaluations of Text-to-SQL
systems [2, 11].

A single standardized prompt template was used for all models. It includes the
Indonesian query, schema DDL summaries, selected example tuples, and explicit
instructions for producing executable SQL. Deterministic decoding with
temperature set to 0.0 and top-p set to 1.0 ensured reproducibility. The models
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evaluated were Gemini 2.5 Flash, Gemini 2.5 Flash Lite, Gemma-3-27B-IT, and
the compact Gemma-3n-E2B deployed locally through Ollama in CPU-only mode
(see Fig. 1).

1. Benchmark Construction 2. Experimental Setup
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Fig. 1. Methodology and evaluation pipeline.

Each generated SQL output was examined using execution success, row-match
accuracy, and structural similarity based on AST comparison [13]. Efficiency was
assessed through mean and P95 client-side latency as well as total token usage,
following computational considerations outlined in recent systems-level analyses
[19, 20]. Error cases were manually categorized into schema-linking, structural,
and logical types, consistent with the analytical practice described in earlier work
on Text-to-SQL robustness [10, 21]. Proportions were reported with Wilson ninety-
five percent confidence intervals, while latency metrics employed bootstrap
intervals with ten thousand resamples.

3.Results and Discussion
3.1. Overview of experimental runs

In total, 240 evaluations were performed on four models and sixty scenarios. Global
results are summarized in Table 1, which reports execution success, row-match
accuracy, structural similarity, latency, and token usage with corresponding ninety-
five percent confidence intervals. Gemini 2.5 Flash achieved perfect execution
success and maintained the highest accuracy, while Flash Lite delivered lower
accuracy with substantially reduced latency. Gemma-3-27B-IT reached moderate
accuracy but showed higher latency in its CPU setting. The smallest model,
Gemma-3n-E2B, had the lowest reliability and highest latency, confirming that
compact CPU-only deployments suffer serious performance limitations. All these
results point to the fact that cloud models execute flawlessly and predictably,
whereas local models cannot overcome hardware throughput.
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Table 1. Global performance with 95%

confidence intervals (N=60 scenarios per model).

Model Gemini 2.5 Gemini 2.5 Gemma-3- Gemma-3n-
Flash Flash Lite 27B-IT E2B
3 0
gﬁjﬁ:stsm(l:/) (1930(')8 //" 96.7% (88.6%-  95.0% (86.3%-  70.0% (57.5%-
(1] . 0 - 0 0 0
100.0%) 99.1%) 98.3%) 80.1%)
Row-Match  95.0% (86.3%-  75.0% (62.8%-  81.7% (70.1%-  21.7% (13.1%-
Accuracy (%) 98.3%) 84.2%) 89.4%) 33.6%)
Si?n];larit 62.3% (60.0%-  60.8% (58.3%-  62.8% (60.4%-  51.2% (47.4%-
%) y 64.4%) 63.2%) 65.0%) 54.4%)
z“;:‘)*“cy Mean ) 207(3.874- 1249 (1,175- 5,684 (5,344 (}iggig
5,724) 1,330) 6,045) 190.504)
(Llf::‘)*“cy P95 9035(8,001-  1.725(1,529-  7.983 (6,983- (}ggg%
13,266) 2,141) 9,081) 547 637)
Total Tokens 3,452 (3,237- 2,901 (2,784-  2,637(2,521- 1,556 (1,493-
(avg.) 3,689) 3,020) 2,753) 1,621)

Notes: Proportions use Wilson 95% CI. Continuous variables use percentile
bootstrap 95% CI with 10,000 resamples. Latency is reported as mean and P95
(both with 95% CI) in the same column. Total tokens are the sum of prompt and
completion per query.

3.2.Evaluation pipeline and error inspection

Performance across the six query categories diverges noticeably. The cloud models
handle simple tasks with ease, and Gemini 2.5 Flash reaches 100% in both Lookup
and Aggregation, a level the smaller models never approach. Once compositional
reasoning is involved, the gap becomes difficult to ignore: Flash Lite falls to 70%
on Nested queries, while Gemma-3n-E2B drops to 0% in Aggregation and only
10% in Nested tasks, underscoring how severely compact CPU-bound models still
struggle beyond basic retrieval.

3.3. Efficiency evaluation

Table 1 shows a clear speed gap: Gemini 2.5 Flash Lite is about 3.8 times faster
than Flash, reducing average latency from 4,707 ms to 1,249 ms, although its
accuracy drops from 95.0% to 75.0%. Token usage stays relatively stable between
cloud models (3,452 vs. 2,901 tokens), indicating that token count is not the main
driver of latency at this scale. Local models are limited almost entirely by hardware.
Gemma-3-27B-IT, despite processing fewer tokens, still averages 5,684 ms, and
Gemma-3n-E2B performs worst, requiring 159,818 ms for only 1,556 tokens,
which highlights the severe constraints of CPU-only inference.

3.4. Detailed error analysis

Across all models, most failures stem from logical rather than syntactic errors.
Gemini 2.5 Flash remains the most reliable, reaching 95.0% success with only 5.0%
row mismatches and no execution failures. Flash Lite follows with 75.0% success,
where 21.7% of its errors are logical and only 3.3% involve execution failure. Local
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models show a far weaker profile: Gemma-3-27B-IT achieves 81.7% success but
still records 5.0% execution failure, while Gemma-3n-E2B performs the worst with
30.0% execution failure and 48.3% logical errors. These outcomes indicate that
compact CPU-bound models often struggle to produce syntactically valid and
logically consistent SQL without stronger schema guidance.

3.5. Domain-specific performance

A comparison of execution accuracy and latency across the Resep and Sakila
databases shows that Gemini 2.5 Flash and Gemini 2.5 Flash Lite generalize well
across both schemas. Execution success remains consistent for both models: 100%
across domains for Gemini 2.5 Flash and 97% on both schemas for Flash Lite.
Latencies also show overlapped confidence intervals, meaning that the processing
speed does not degrade independently of schema complexity. Similarly, Gemma-
3-27B-IT reached high accuracy with 93% on Resep and 97% on Sakila without
significant latency deviation between the two databases. In contrast, the smallest
local model tested, Gemma-3n-E2B, shows marked sensitivity to domain
complexity. Execution success in this model significantly drops from 90 percent on
the simpler Resep database to 50 percent on the more complex Sakila schema.
When Sakila queries are run, latency also increases substantially, and this rise is
supported by confidence intervals that do not overlap. This pattern indicates that
large cloud models do not struggle to generalize across domains, whereas compact
local models that depend on CPU resources are not able to manage higher schema
complexity and therefore cannot avoid considerable performance degradation.

3.6. Discussion and practical implications

Gemini 2.5 Flash is the most dependable instrument in our setup, as it is able to
perform perfect execution success and highest row-match accuracy while the
latency is still in an interactive range. Its profile is in line with previous Text-to-
SQL research that execution fidelity and schema grounding are the main factors
determining the practical utility and is also corroborated by meta-analytic work
which points out schema interpretation as a recurring issue in natural language
interfaces for databases [2, 10, 22, 23]. As a compromise, Gemini 2.5 Flash Lite
can be used. Its response times of about 1.2 to 1.3 seconds are still good for
interactive use, although its slight drop in accuracy hints that you cannot get more
efficiency without some loss of fidelity. The pattern is in agreement with systems
studies which show that decoder speed and batched processing together limit the
number of requests that can be served concurrently.

Conversely, the local models do not avoid severe throughput constraints, and
their performance reveals that CPU-only execution cannot sustain interactive
latency. Although Gemma-3-27B-IT reaches an accuracy level that is not far from
Flash Lite, it cannot match the latter’s responsiveness, since its mean latencies fall
between 5.3 and 5.9 seconds, confirming that CPU inference is not sufficient for
timely execution. Surveys on efficient LLM serving further show that latency
cannot be attributed simply to token counts, because hardware characteristics often
exert greater influence than sequence length alone [19, 20]. The smallest model,
Gemma-3n-E2B, does not escape these limitations and produces the lowest row-
match accuracy together with the highest latency. If such logical mismatches are
not addressed, future local deployment cannot remain viable, which is why
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techniques such as retrieval augmented generation or supervised approaches that
separate schema linking from SQL generation become essential for improving
reliability under constrained hardware [24-27].

These observations have a few practical implications: cloud endpoints are
suitable when the key drivers are accuracy and time to value, because of their high
execution fidelity and predictable latency across schemas [10, 22, 28-30]. Compact
variants like Flash Lite are suitable when responses below one second or of low
latency are needed and small reductions in accuracy are tolerable. Only local
deployment with hardware acceleration and alignment or retrieval techniques can
make sense, because end-to-end latency is greatly determined by time to first token
and time per output token [19, 31-33].

4.Conclusion

This study systematically evaluated four LLMs (Gemini 2.5 Flash, Gemini 2.5 Flash
Lite, Gemma-3-27B-IT, and Gemma-3n-E2B) on 60 Indonesian Text-to-SQL
scenarios across the Sakila and Resep databases. Gemini 2.5 Flash achieved 100%
execution success and 95% row-match at interactive latency, while Flash Lite
delivered roughly one third of the latency with a modest accuracy drop. Gemma-3-
27B-IT reached comparable accuracy with higher CPU latency, and the local
Gemma-3n-E2B lagged significantly in accuracy and exceeded practical latency. We
release the first open Indonesian Text-to-SQL benchmark and a reproducible
evaluation pipeline that clarifies accuracy, latency, and cost trade-offs for cloud
versus local serving. Limitations include two schemas, 60 scenarios, CPU-only local
tests, and fixed prompts. In practice, Flash Lite suits latency-sensitive cloud use,
while viable local deployment requires GPU acceleration or targeted tuning; future
work will expand scenarios and explore retrieval-augmented prompting, parameter-
efficient tuning, and quantization and caching to improve local models.
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