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Abstract
Iterative self-correction with external feedback is a common strat-
egy for improving LLM-generated SQL, yet prior work only com-
pares feedback presence against absence, leaving the effect of feed-
back granularity unexplored. We present a controlled study on
a fine-tuned 4B SLM generating SQL over industrial electricity
data (3M records, 8 sectors). We combine LoRA fine-tuning with
EXPLAIN-based iterative correction and compare three feedback
levels: generic failure signal, database error message, and structured
EXPLAIN output with schema hints.

Our central finding is that feedback granularity controls con-
vergence speed, not accuracy ceiling: all three levels reach sta-
tistically indistinguishable format compliance (86–88%, McNemar
𝑝 ≥ 0.75), but structured feedback requires 20% fewer inference
calls (71 vs. 89 per 100 queries). Fine-tuning provides the largest
gain (38%→ 80% ID, 34%→ 69% OOT), with EXPLAIN retry adding
a further +10/+8 percentage points.

We additionally show that a learned 270M critic fails as a SQL
verifier—passing 80% of invalid queries even with clean training
data—while deterministic EXPLAIN validation has zero false neg-
atives for syntactic errors. A preliminary cross-model check on
Qwen-2.5 3B shows the same OOT convergence point (.69) despite
a large base performance gap, suggesting the generalization ceiling
is data-constrained rather than model-constrained. Our results sug-
gest that, at least in this setting, feedback design primarily affects
compute efficiency rather than accuracy, offering initial evidence to-
ward practical SLM-based SQL generation in on-premise industrial
settings—a core capability for AI Data Scientists deployed under
data-sensitivity constraints.

CCS Concepts
• Computing methodologies → Natural language processing;
Transfer learning; • Information systems→ Structured Query
Language.

Keywords
text-to-SQL, small language model, self-correction, EXPLAIN feed-
back, LoRA fine-tuning, AI data scientist, industrial time-series
data

1 Introduction
Natural language interfaces to databases promise to democratize
data access for non-technical users, and they form a foundational
capability for the emerging class of AI Data Scientists—intelligent
systems that automate or assist with end-to-end data workflows
over tabular and time-series data [6]. In industrial settings, such
as monitoring electricity consumption anomalies across manufac-
turing sectors, queries must often be answered on-premise due to
data sensitivity, ruling out cloud-based LLM APIs. Small language
models (SLMs, ≤4B parameters) offer a viable alternative, but their
base SQL generation accuracy is low: in our setting, a 4B model
achieves only 38% format compliance out of the box.

Prior work addresses this through iterative self-correction: if the
generated SQL is invalid, feed the error back and retry [1, 2, 23].
These systems consistently demonstrate that any feedback im-
proves over no feedback. However, a fundamental question remains
unanswered: does the diagnostic richness of feedback matter,
or is the mere signal of failure sufficient?

This question has practical consequences. Enterprise SQL deploy-
ments face a design trade-off between feedback pipeline complexity
and inference cost. If richer feedback yields higher accuracy, the en-
gineering effort is justified. If it only accelerates convergence to the
same ceiling, the decision reduces to a compute budget allocation.
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We investigate this question through a controlled study on a fine-
tuned Gemma-3 4B model generating SQL over Korean industrial
electricity data (3M records, 8 sectors). We combine LoRA fine-
tuning with EXPLAIN-based iterative correction at three levels of
feedback granularity: generic failure signal, database error message,
and structured EXPLAIN output with schema hints.

Our main finding is that feedback granularity controls con-
vergence speed, not accuracy ceiling. All three feedback levels
reach statistically indistinguishable final accuracy (86–88%, McNe-
mar 𝑝 ≥ 0.75), but structured feedback requires 20% fewer inference
calls to converge (71 vs. 89). In our setting, this suggests feedback
design is primarily a test-time compute efficiency question [25]
rather than an accuracy question.

Our contributions are:

(1) A three-level feedback ablation showing that granularity
affects convergence speed but not accuracy ceiling—to our
knowledge, the first such comparison in text-to-SQL self-
correction.

(2) AnEXPLAIN-based correction pipeline achieving 90%/77%
(ID/OOT) FCR with a 4B SLM on industrial data, suitable for
on-premise AI Data Scientist deployment.

(3) An ablation demonstrating that a learned 270M critic cannot
match deterministic EXPLAIN validation, even with clean
training data.

(4) Cross-model validation on Qwen-2.5 3B showing identical
OOT convergence after fine-tuning.

2 Related Work
LLM self-correction. Self-Refine [17] and Reflexion [24] demon-

strate that LLMs can improve outputs through iterative feedback
loops. However, Huang et al. [9] show that LLMs cannot self-correct
reasoning without external signals—a finding corroborated by two
recent surveys [11, 19]. Self-Debug [2] uses execution results as
external feedback for code generation, and CRITIC [7] incorporates
tool interaction. Kumar et al. [12] train self-correction via reinforce-
ment learning but target math and code, not SQL. Crucially, all prior
work compares feedback presence vs. absence; none systematically
varies feedback granularity to measure its effect on convergence.

Text-to-SQL. The field has advanced from supervised models
on Spider [29] and BIRD [14] to enterprise-scale evaluation with
Spider 2.0 [13] and LLM-based approaches including DIN-SQL [21]
and DAIL-SQL [5]. Recent systems incorporate retry mechanisms:
RetrySQL [23] trains on retry trajectories with corrupted SQL,
MAGIC [1] generates self-correction guidelines from error pat-
terns, and SHARE [22] uses hierarchical SLM-based correction.
CHASE-SQL [20] uses execution plans for generation-time reason-
ing, whereas we use EXPLAIN output as post-hoc correction feed-
back—a complementary approach. Concurrent work models SQL
errors via AST-based structural representations [27], whereas our
EXPLAIN-based approach requires no external parser and leverages
the database engine directly. None of these systems ablate feedback
granularity.

SLMfine-tuning and deployment. LoRA [8] andQLoRA [3] enable
parameter-efficient fine-tuning of small models. Synthetic training

data improves text-to-SQL fine-tuning [28], and practical deploy-
ment systems such as SQLGenie [6] demonstrate the growing de-
mand for production-grade SQL interfaces—a defining workload
for AI Data Scientist platforms. We apply LoRA to a 4B model for
domain-specific SQL generation, targeting on-premise deployment
where API-based LLMs are impractical.

Learned verifiers. Step-level verification [15], execution-based
reranking [18], and process reward models [26] have improved
LLM outputs in math and code domains. Our critic ablation (§4.6)
tests whether a learned verifier can substitute for deterministic SQL
validation, finding that a 270M model lacks sufficient capacity for
reliable SQL discrimination.

3 Method
3.1 Task Definition
Given a natural language query 𝑞 about industrial electricity con-
sumption patterns, the task is to generate a syntactically valid SQL
query 𝑠 over a single-table SQLite database. The target schema
consists of one table (greenbutton_data) with 27 columns: a cat-
egorical industry identifier (industry_en), temporal fields (year,
month, day), and 24 hourly consumption values (elcp_use_0000
through elcp_use_2300) in kWh. Queries range from simple filter-
ing (“Find days where Metal sector usage at 06:00 exceeds 10,000
kWh”) to complex aggregations involving cross-industry compar-
isons, year-over-year changes, and statistical operations.

3.2 Fine-tuning
We generate 2,400 synthetic question–SQL pairs using template-
based generation across 6 query families: threshold, z-score, pattern
detection, comparative, temporal spike, and aggregate. For each
sample, we randomly select an industry sector, year, hour, and
relevant parameters. An example template instantiation for the
threshold family:

“Find days where Metal power usage at 14:00 exceeds 2.0 times
the average in 2021.”

Each generated SQL is validated by executing it against the database;
pairs that fail are discarded and regenerated. The prompt format
follows a structured template:

[DB Schema]
Table: greenbutton_data
Columns: industry_en (TEXT), year (INT),
month (INT), day (INT),
elcp_use_0000~elcp_use_2300 (FLOAT)

Instruction: {query}
Generate a valid SQL query...

We fine-tune Gemma-3 4B using LoRA [8] with rank 𝑟=16, scal-
ing factor 𝛼=32, and dropout 0.05. Training uses a learning rate of
2× 10−4 with cosine schedule, batch size 4 with gradient accumula-
tion 4, for 3 epochs.

We define two evaluation splits: in-distribution (ID) queries
(𝑛=100) use the same 6 template families seen during training,
while out-of-template (OOT) queries (𝑛=100) use 10 held-out
families (e.g., variance analysis, consecutive pattern detection, range
difference) that share the same schema but require unseen SQL
structures.
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Figure 1: System architecture. The model generates SQL,
which is validated via EXPLAIN. On failure, feedback at one
of three granularity levels is appended to the prompt for
re-generation (max 𝐾=5 retries).

3.3 EXPLAIN-Based Iterative Correction
After the model generates a candidate SQL 𝑠𝑖 , we validate it by
executing EXPLAIN 𝑠𝑖 against the target database. If EXPLAIN
returns an error, we construct a feedback prompt and request a new
generation 𝑠𝑖+1. This loop continues for up to 𝐾=5 retries or until
EXPLAIN succeeds.

We compare three feedback strategies of increasing diagnostic
specificity. The exact feedback strings appended to the retry prompt
are:

• Level A (generic): “The SQL is invalid. Regenerate.”

• Level B (error message): “The SQL is invalid. Error:
{e}” where {e} is the verbatim error string from EXPLAIN
(e.g., “no such column: hour”).

• Level C (structured EXPLAIN): “The SQL is invalid.
Error: {e}. Available columns: {cols}”where {cols}
lists the valid column names from the target table schema.

This three-level design isolates the effect of feedback informa-
tiveness: all conditions provide the same signal (invalid SQL), but
differ in the diagnostic content available for correction.

4 Experiments
4.1 Setup

Dataset. We use the Korea Electric Power Corporation (KEPCO)
Green Button dataset, which records hourly electricity consump-
tion across eight industrial sectors (Metal, Chemical, Food, Energy,
Ceramics, Paper&Wood, Textile, and Industry_Etc) from 2020 to
2022, totaling 3,046,368 records. The data resides in a single SQLite
table (greenbutton_data) with 27 columns.

Evaluation queries. We construct 100 in-distribution (ID) queries
drawn from the 6 training template families, and 100 out-of-template
(OOT) queries spanning 10 unseen categories: absolute threshold,
complex aggregation, consecutive pattern, cross-industry compari-
son, multi-condition, percentile, range, top-𝑛, variance, and year-
over-year. Each OOT category contains 10 queries. OOT queries
test generalization to query structures not seen during fine-tuning.

Table 1: Format Compliance Rate across configurations
(𝑛=100 per split, max 5 retries). Wilson 95% CIs reported.
Feedback granularity ablation is detailed in Table 2; critic
configurations are discussed in §4.6.

Configuration ID 95% CI OOT 95% CI

Base (no FT) .38 [.29, .48] .34 [.25, .44]
FT only .80 [.71, .87] .69 [.59, .77]
FT + Critic (noisy) .33 [.25, .43] .27 [.19, .36]
FT + Critic (clean) .82 [.73, .88] .65 [.55, .74]
FT + EXPLAIN retry .90 [.83, .94] .77 [.68, .84]

Models. Our primary generator is Gemma-3 4B, fine-tuned with
LoRA (𝑟=16, 𝛼=32) on 2,400 synthetic question–SQL pairs. For the
critic ablation (§4.6), we train Gemma-3 270M as a binary classifier
under two data conditions. We additionally validate on Qwen-2.5
3B (§4.7) with identical training data and LoRA configuration. All
experiments run on a single NVIDIA RTX 5090 with Flash Attention
2.

Metrics. We report Format Compliance Rate (FCR): the pro-
portion of generated SQL queries that pass syntactic validation
via SQLite’s EXPLAIN command. We choose FCR over execution
accuracy because our industrial setting lacks gold-standard SQL
annotations; FCR provides a fully automatable, objective proxy for
syntactic correctness. We compute 95%Wilson confidence intervals
for all FCR values and apply McNemar’s exact test [4] for pair-
wise comparisons between feedback conditions. We additionally
report execution success rate (proportion of FCR-valid queries that
execute without error or timeout).

4.2 System Recipe Results (C1)
Table 1 presents FCR across five configurations. Fine-tuning alone
yields the largest single improvement, raising ID FCR from .38 to .80
(+42%p) and OOT FCR from .34 to .69 (+35%p). Adding EXPLAIN-
based retry provides a further +10%p on ID and +8%p on OOT,
reaching .90 and .77 respectively. Configurations 3 and 4 (critic-
based verification) are discussed in §4.6.

The ID–OOT gap persists across all configurations: 4%p at base,
11%p after fine-tuning, and 13%p after retry. This widening gap
likely reflects that OOT residual failures involve qualitatively differ-
ent error types (unsupported functions, compositional complexity)
that retry cannot address, as confirmed by the error taxonomy in
§4.5.

4.3 Feedback Granularity and Convergence (C2)
Our central experiment examines whether the content of correction
feedback affects self-correction outcomes. We apply the three feed-
back levels to OOT queries (𝑛=100, max 5 retries), starting from the
FT-only baseline (.69).

Accuracy ceiling is feedback-invariant. Table 2 shows that all
three conditions reach statistically indistinguishable final FCR: .86,
.88, and .87 for A, B, and C respectively. McNemar’s exact test yields
𝑝 ≥ 0.75 for all pairwise comparisons (A vs. B: 𝑝=0.75, 𝑛disc=10;
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Table 2: Feedback granularity ablation onOOTqueries (𝑛=100,
max 5 retries). McNemar’s exact test: 𝑝 ≥ 0.75 for all pairwise
comparisons. Calls = total retry calls across 100 queries. Avg
Att. = mean attempts per query.

Level FCR 95% CI Avg Att. Calls

No retry .69 [.59, .77] 1.00 0
A (generic) .86 [.78, .91] 1.89 89
B (error msg) .88 [.80, .93] 1.79 79
C (EXPLAIN) .87 [.79, .92] 1.71 71

1 2 3 4 5
Retry Attempt
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70
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85

90
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 (%
)

Generic
EXPLAIN error
EXPLAIN + hints
No-retry (69%)

Figure 2: FCR convergence curves by feedback granularity
(OOT, 𝑛=100). All conditions start at .69 (FT-only baseline).
Level C reaches .87 by retry 2; Level A requires 4 retries to
reach .86.

A vs. C: 𝑝=1.0, 𝑛disc=9; B vs. C: 𝑝=1.0, 𝑛disc=9), confirming that
feedback granularity does not raise the accuracy ceiling.

Convergence speed is feedback-dependent. The conditions differ
markedly in how quickly they reach this ceiling. Figure 2 shows the
per-attempt progression. Level C reaches .86 after just one retry and
plateaus at .87 by retry 2. Level B reaches .81 at retry 1 and .87 by
retry 3. Level A climbs gradually: .77, .81, .84, .86 across four retries.
In total, Level C requires 71 retry calls versus 89 for Level A—a 20%
reduction in inference cost for equivalent final accuracy.

We note that Level B (error message) achieves the highest point
estimate (.88) despite being simpler than Level C (.87), reinforcing
that structured feedback’s advantage is limited to convergence
speed, not final accuracy. This finding frames feedback quality as a
compute efficiency factor rather than an accuracy factor, connecting
to recent work on scaling test-time compute [25].

4.4 Per-Category OOT Analysis
The aggregate OOT numbers mask variation across query cate-
gories. Table 3 breaks down FCR by the 10 OOT query families
(𝑛=10 each). Given the small per-category sample size, we highlight
three tentative observations that require larger-scale confirmation:

Categories solved by fine-tuning. Consecutive pattern, cross-industry
comparison, and percentile queries reach 1.0 FCR after fine-tuning

Table 3: Per-category OOT FCR (𝑛=10 per category; results
are illustrative given wide confidence intervals at this sample
size). EXPLAIN retry provides the largest gains for range (+.4)
and multi-condition (+.2) queries, but cannot help categories
limited by unsupported SQL functions (variance) or compo-
sitional complexity (complex aggregation).

OOT Category Base FT +EXPLAIN

Absolute threshold .8 .8 .9
Complex aggregation .1 .4 .4
Consecutive pattern .4 1.0 1.0
Cross-industry .6 1.0 1.0
Multi-condition .5 .7 .9
Percentile .5 1.0 1.0
Range difference .0 .4 .8
Top-𝑛 .3 .7 .7
Variance .0 .3 .3
Year-over-year .2 .6 .7

Overall .34 .69 .77

alone, leaving no room for retry improvement. These categories re-
quire SQL patterns (e.g., LAG(), cross-table comparisons) that, while
absent from training templates, are structurally close to training
examples.

Categories where EXPLAIN retry helps. Range difference and
multi-condition queries show the largest retry gains (+40%p and
+20%p respectively). These categories generate SQL with column
name errors that EXPLAIN feedback directly addresses: the error
message identifies the invalid column, and Level C additionally
provides the correct column list.

Categories resistant to correction. Complex aggregation (.4) and
variance (.3) queries remain low even after retry. Variance queries
frequently generate VARIANCE(), which SQLite does not support
natively—EXPLAIN catches these as FCR failures, and no amount of
retry feedback can teach the model an alternative implementation.
Complex aggregation queries require multi-step CTEs with nested
subqueries that exceed the model’s compositional capacity at this
scale.

4.5 Error Taxonomy (C3)
To understand what each pipeline stage fixes and what it leaves
unsolved, we classify all OOT failures into mutually exclusive error
types (Figure 3).

Base model failures. (𝑛=66) are dominated by column hallucina-
tion (48/66, 73%). The most frequent subtype is elcp_variant hal-
lucination (36 cases), where the model generates schema-similar but
non-existent column names (e.g., elcp_0500 instead of elcp_use_0500).
Markdown fence errors (9/66) indicate the model outputs code-
fenced text rather than raw SQL.

Fine-tuning. eliminates markdown fence errors entirely (9→0)
and removes all elcp_variant hallucinations (36→0). The residual
failures (𝑛=31) shift to invented column hallucination (20/31, 65%),
where the model generates entirely fictional column names with
no schema resemblance. Additionally, 5 cases involve unsupported
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Figure 3: OOT failure distribution by error type across
three configurations. FT eliminates markdown fence and
elcp_variant errors; EXPLAIN retry reduces invented hallu-
cination but introduces thought truncation as the primary
residual failure mode.

SQLite functions (e.g., VARIANCE()) and 3 involve incomplete SQL
where complex OOT queries caused the model to exceed the gener-
ation token budget.

EXPLAIN retry. further reduces column hallucination from 20 to
5 cases (those where the model persistently regenerates the same
invalid column despite feedback). However, it introduces a new
dominant failure mode: thought truncation (10/23, 43% of residual
failures), where the growing prompt across retries exceeds the
generation budget, producing incomplete SQL. This represents a
structural limitation of iterative correction with fixed generation
length.

4.6 Critic Ablation (C4)
Learned verifiers have shown promise in mathematical reason-
ing [15] and code generation [18]. We investigate whether a similar
approach can substitute for deterministic EXPLAIN validation in
SQL.

Training data and label noise. We initially collected 14,400 SQL
samples with binary labels (PASS/FAIL) from the planner’s outputs.
A post-hoc audit via EXPLAIN validation revealed that 46.3% of
FAIL-labeled samples were actually valid SQL—they had been mis-
labeled due to formatting issues in the original evaluation pipeline.
The false-PASS rate was 0%. We constructed a clean dataset (11,059
samples) by relabeling all samples with EXPLAIN and trained a
second critic on this corrected data.

Results. Table 4 evaluates both critics on a leak-free test set
(𝑛=300, 150 PASS + 150 FAIL, 0% overlap with training). The noisy
critic performs at chance level (faithfulness .43, noise rejection
.52). The clean critic achieves perfect faithfulness (1.00) but a noise
rejection rate of only .20—it passes 80% of invalid SQL as valid.

This asymmetric failure is informative: the 270M model learns
to recognize valid SQL patterns (high faithfulness) but cannot dis-
criminate invalid SQL from valid SQL with sufficient resolution
(low noise rejection). This appears to be a capacity limitation at this
scale; whether larger learned verifiers (e.g., 1B+) could compete
with EXPLAIN remains an open question.

Table 4: Verifier comparison on leak-free test set (𝑛=300).
Faithfulness: fraction of valid SQL correctly passed. Noise
rejection: fraction of invalid SQL correctly rejected. Even
with clean training data, the 270M critic passes 80% of invalid
SQL.

Critic Faithfulness Noise Rej.

Noisy (14.4k, 46% label err.) .43 [.36, .51] .52 [.44, .60]
Clean (11.1k, 0% label err.) 1.00 [.97, 1.0] .20 [.14, .27]

EXPLAIN (deterministic) 1.00 1.00

Table 5: Cross-model validation. Despite a large base per-
formance gap, both models converge to identical OOT FCR
(.69) after fine-tuning on the same 2,400 pairs, suggesting a
data-constrained ceiling.

Base FT

Model ID OOT ID OOT

Gemma-3 4B .38 .34 .80 .69
Qwen-2.5 3B .10 .06 .77 .69

By contrast, EXPLAIN deterministically catches all syntactic er-
rors and invalid column references with zero false negatives, at
no training cost. This result motivates our design choice: a deter-
ministic verifier outperforms a learned one for this task, and the
engineering effort of training a critic is better spent on improving
the generator.

The effect on downstream performance is visible in Table 1: FT
+ Critic (noisy) degrades FCR below the FT-only baseline (.33/.27
vs. .80/.69) because the noisy critic rejects valid SQL. FT + Critic
(clean) achieves .82/.65, comparable to FT-only, because it passes
most queries through without meaningful filtering.

4.7 Cross-Model Validation (C5)
To assess whether our findings are specific to Gemma, we repeat
the fine-tuning pipeline on Qwen-2.5 3B with identical training
data and LoRA configuration (Table 5).

Despite a large gap in base performance (Gemma .38/.34 vs.
Qwen .10/.06 on ID/OOT), both models converge to the same OOT
FCR of .69 after fine-tuning. Gemma retains a modest ID advantage
(.80 vs. .77). The shared OOT convergence point suggests that the
generalization ceiling is constrained by the training data (2,400
pairs over a single schema) rather than by model architecture at
this scale. We note that two models are insufficient to establish a
general claim; this result is suggestive rather than conclusive.

4.8 Semantic Validation
FCRmeasures syntactic validity, not whether the SQL returns mean-
ingful results. We execute all FCR-valid queries against the database
with a 30-second timeout to assess execution success (Table 6).

The FT-only ID configuration has the lowest execution rate (79%)
due to 17 timeouts from z-score queries.While VARIANCE() calls are
caught by EXPLAIN at the FCR stage (accounting for 16 of 20 FT ID
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Table 6: Execution success rates for FCR-valid queries (30s
timeout). FT ID timeouts are from z-score queries computing
standard deviation via nested subqueries over the full 3M-
record table.

Config Valid Executed Exec % Timeouts

Base ID 38 37 97% 1
Base OOT 34 32 94% 2
FT ID 80 63 79% 17
FT OOT 69 68 99% 1
FT+EXPLAIN ID 90 73 81% 17
FT+EXPLAIN OOT 77 71 92% 6

FCR failures), the FCR-valid z-score queries compute standard de-
viation via nested subqueries over the full 3M-record table, causing
execution timeouts. OOT execution rates are consistently higher
(92–99%) because OOT queries less frequently require expensive
statistical computations. The FT+EXPLAIN configuration shows
92% OOT execution (6 timeouts from complex window function
queries).

Execution success indicates the query runs without error but
does not guarantee semantic correctness—a query that returns an
empty result set technically “succeeds.” Full semantic evaluation
via human annotation remains future work.

5 Discussion
Feedback as compute allocation. Our central finding—that feed-

back granularity controls convergence speed but not accuracy
ceiling—has direct implications for AI Data Scientist system design.
In latency-constrained deployments (e.g., on-premise industrial
monitoring), structured EXPLAIN feedback reduces the expected
number of inference calls by 20%, translating to proportional sav-
ings in latency and compute cost. Conversely, when compute is
cheap but engineering effort is scarce, even a generic “retry” signal
achieves comparable accuracy, simplifying the feedback pipeline.

This connects to the test-time compute scaling framework of
Snell et al. [25]: our results suggest that for SLM self-correction,
the quality of test-time computation (via richer feedback) matters
alongside its quantity (number of retries).

Where EXPLAIN retry helps—and where it does not. The per-
category analysis (Table 3) reveals that EXPLAIN retry is most ef-
fective for column-level errors in structurally simple queries (range:
+.4, multi-condition: +.2). The EXPLAIN error message directly
identifies the problematic column, and Level C provides the valid
alternatives. For function-level errors (variance: .3 unchanged) and
structural complexity (complex aggregation: .4 unchanged), EX-
PLAIN feedback is insufficient because the error is semantic rather
than syntactic.

Thought truncation as a test-time compute ceiling. The error tax-
onomy reveals that EXPLAIN retry creates failures even as it fixes
others: thought truncation accounts for 43% of residual failures
(10/23). Each retry appends the previous SQL and feedback to the
prompt, consuming generation budget. After 3–4 retries, the ac-
cumulated context leaves insufficient tokens for a complete SQL

statement. This represents a fundamental tension in iterative cor-
rection: more retries increase the probability of success but also
increase the probability of truncation. Longer context windows
or summarization-based feedback compression could mitigate this
trade-off.

Distinction from CHASE-SQL. Pourreza et al. [20] also leverage
execution plans, but as a generation-time reasoning strategy—the
model conditions on EXPLAIN output when producing its initial
SQL. In contrast, we use EXPLAIN output as post-hoc diagnostic
feedback within an iterative correction loop. These are comple-
mentary: CHASE-SQL’s approach could be combined with ours to
improve both initial generation and subsequent correction.

Label noise and verifier training. The 46.3% false-FAIL rate in our
initial critic training data (discovered via EXPLAIN audit) highlights
a broader issue for AI Data Scientist evaluation pipelines: SQL va-
lidity labels derived from execution-based evaluation are unreliable.
Formatting artifacts, timeout limits, and evaluation pipeline bugs
can mislabel valid SQL as invalid. This finding suggests that text-to-
SQL systems that rely on execution-based training signals [23] may
benefit from EXPLAIN-based label verification as a preprocessing
step.

Limitations
Scale. All experiments use 𝑛=100 queries per condition (10 per

OOT category), yielding wide confidence intervals (typically ±8–
10%p). The feedback granularity differences (86–88%) fall within
overlapping CIs, and while McNemar’s test confirms no significant
difference, a larger sample might reveal small effects our study is
underpowered to detect.

Schema diversity. We evaluate on a single table with a fixed
schema. Real-world text-to-SQL requires multi-table joins, schema
linking, and diverse column types. Our results do not generalize to
these settings without further validation.

FCR vs. semantic correctness. FCR measures syntactic validity,
not whether the SQL returns the intended result. Our execution
analysis (§4.8) shows that 79–99% of FCR-valid queries execute
successfully, but execution success does not guarantee semantic
correctness. Manual evaluation of output semantics remains future
work.

Benchmark coverage. We do not evaluate on standard bench-
marks (Spider, BIRD). While recent work questions the ecological
validity of such benchmarks [10, 16], their absence limits direct
comparison with prior systems. Moreover, systems evaluated on
Spider/BIRD use execution accuracy over multi-table schemas with
gold SQL, making direct numerical comparison with our single-
table FCR-based setting uninformative.

Model coverage. Cross-model validation uses only two model
families (Gemma, Qwen). The shared OOT convergence point is
suggestive but not generalizable from two data points.

Ethics Statement
The KEPCO Green Button dataset used in this study contains aggre-
gate industrial electricity consumption statistics with no personally
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identifiable information. The data is publicly available through the
Korea Electric Power Corporation’s open data portal. Our synthetic
evaluation queries do not target individual facilities or employees.
All experiments run locally on a single GPU with no external API
calls, consistent with the on-premise deployment scenario motivat-
ing this work.

6 Conclusion
We presented an empirical study of EXPLAIN-based iterative cor-
rection for SQL generation with a fine-tuned 4B SLM on industrial
time-series data—a representative workload for AI Data Scientists
deployed under data-sensitivity constraints. Our system achieves
90% ID and 77% OOT format compliance through the combination
of LoRA fine-tuning and structured retry.

Our main finding is that feedback granularity controls conver-
gence efficiency rather than accuracy ceiling: generic, error-only,
and structured EXPLAIN feedback all reach equivalent final accu-
racy (86–88%, 𝑝 ≥ 0.75), but structured feedback requires 20% fewer
inference calls. In our setting, this suggests feedback design func-
tions as a compute optimization problem rather than an accuracy
problem.

Per-category analysis reveals that EXPLAIN retry is most ef-
fective for column-level errors in simple queries (range: +40%p)
but cannot address function-level gaps (variance) or compositional
complexity (complex aggregation). The dominant residual failure
mode—thought truncation from accumulated retry context—points
to context management as the key bottleneck for iterative correc-
tion with SLMs.

Additionally, we show that a learned 270M critic fails to match
the reliability of deterministic EXPLAIN validation, even with clean
training data, and that fine-tuning gains replicate across model fam-
ilies with a shared OOT convergence point. These results suggest
directions for SLM-based AI Data Scientist platforms that warrant
further validation on more complex schemas: invest in fine-tuning
data quality, prefer deterministic validation over learned critics at
this model scale, and consider feedback granularity as a compute
budget decision rather than an accuracy decision.
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A Dataset Details
Schema. The greenbutton_data table contains 3,046,368 records

with the following columns: industry_en (categorical, 8 values),
year (2020–2022), month, day, and elcp_use_0000 through elcp_use_2300
(24 hourly electricity consumption values in kWh).

Industry distribution. Metal (38.7%), Chemical (21.3%), Indus-
try_Etc (10.5%), Food (10.4%), Energy (6.3%), Ceramics (6.2%), Pa-
per_Wood (3.8%), Textile (2.8%).

OOT categories. The 10 out-of-template query families are: ab-
solute threshold, complex group aggregation, consecutive pattern,
cross-industry comparison, multi-condition filter, percentile, range
difference, top-𝑛, variance, and year-over-year. Each family contains
10 queries (𝑛=100 total).

B Hyperparameters
Fine-tuning. LoRA rank 𝑟=16, scaling 𝛼=32, dropout 0.05. Learn-

ing rate 2 × 10−4 with cosine schedule. Batch size 4, gradient accu-
mulation 4, 3 epochs. Training data: 2,400 pairs across 6 template
families.

Generation. Max new tokens: 768. Greedy decoding (temperature
0, no sampling). Applied identically across all conditions.

Retry. Maximum 𝐾=5 retries per query (up to 6 total generation
calls including the initial attempt). The feedback prompt appends
the previous SQL and feedback to the original query. No system
prompt modification between retries.

Critic. Gemma-3 270M, LoRA 𝑟=8, 𝛼=16. Binary classification
(PASS/FAIL), single-token output constrained via logit masking.
Noisy version: 14,400 training samples (46.3% false-FAIL). Clean
version: 11,059 training samples (0% label error). Evaluation: 300
held-out samples (0% overlap).

C Retry Curve Details
Table 7 shows the per-attempt FCR progression for each feedback
level, complementing Figure 2.

Table 7: Per-attempt FCR progression (OOT, 𝑛=100). Baseline
(attempt 0) is .69 for all conditions. Level C converges in 1
retry; Level A requires 4.

Level Att 1 Att 2 Att 3 Att 4 Att 5

A (generic) .77 .81 .84 .86 .86
B (error) .81 .84 .87 .88 .88
C (EXPLAIN) .86 .87 .87 .87 .87
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