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Abstract

SQL code completion boosts developer pro-
ductivity by predicting missing snippets from
editing SQL contexts. However, existing solu-
tions yield low acceptance since they cannot
abstain when no suggestion is needed and lack
SQL-specific training. To address both limita-
tions, we introduce PACE-SQL, a preference-
aligned framework that improves SQL comple-
tion accuracy and user preference alignment.
We build two datasets with completion and
abstention samples: WeSQL-1.5M from real-
world interaction logs to capture authentic user
preferences, and OpenSQL-FIM from public
SQL corpora. We adopt continual pretraining
and supervised fine-tuning to improve comple-
tion quality, and design a reward function in
the reinforcement learning to enhance align-
ment with user preferences. Experiments show
PACE-SQL improves Exact Match and Edit
Similarity scores by 9.67% and 7.52% over the
best baseline on WeSQL-1.5M and raises on-
line user acceptance rate from 5% to 29%.

1 Introduction

The advanced code comprehension and genera-
tion capabilities of large language models (LLMs)
enable code completion—automatically predict-
ing missing code from the current editing con-
text (OpenAI et al., 2024; Hou et al., 2024; Jiang
et al., 2026). It is reported that over 70% of de-
velopers use code completion tools in daily cod-
ing (Wang et al., 2023), driving the emergence
of AI-powered coding assistants such as GitHub
Copilot 1 and Cursor 2.

Mainstream code completion models such as
Qwen-Coder (Hui et al., 2024) and DeepSeek-

*Both authors contributed equally to this research.
†Corresponding authors.
This work was done during Xintong Hu’s internship at
Tencent TEG Data Computing Platform Department.

1https://github.com/features/copilot
2https://cursor.com/

Coder (Guo et al., 2024) focus on general program-
ming languages like Python, C, and Java, achiev-
ing strong performance on benchmarks such
as HumanEval-FIM (Bavarian et al., 2022) and
CrossCodeEval (Ding et al., 2023). These mod-
els typically adopt the Fill-in-the-Middle (FIM)
paradigm (Bavarian et al., 2022), which trains
models to generate missing code spans from sur-
rounding context. However, their performance de-
grades on SQL completion tasks. SQL is the stan-
dard language for data querying, transformation,
and modeling in enterprise data platforms (Shi
et al., 2025). Therefore, improving SQL code com-
pletion is crucial for enterprise development.

We identify three key limitations when deploy-
ing existing methods in SQL editing scenarios:

• Over-Suggestion. Recent studies (Bakal et al.,
2025; Prather et al., 2023) highlight over-
suggestion as a prevalent issue in code comple-
tion, suggesting that an ideal model should pro-
vide accurate suggestions when needed and ab-
stain otherwise. In contrast, standard generation
objectives assume a non-empty target for every
FIM sample. This encourages models to gen-
erate suggestions whenever completion is trig-
gered, even when users do not need assistance.

• Random FIM sampling. In real IDE scenarios,
completions are triggered when users pause dur-
ing editing, e.g., after a GROUP BY, or within an
unfinished join condition. Existing methods in-
stead build FIM samples by randomly masking
spans in completed files, mismatching the posi-
tions where completions are actually triggered
in IDEs. This mismatch degrades the model’s
completion quality in practice.

• Scarce SQL datasets. Current corpora and
benchmarks predominantly target general pro-
gramming languages, lacking high-quality SQL
resources. Existing SQL data lacks both scale
and user preference signals, such as when to
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complete or abstain. This data scarcity directly
limits model performance on SQL completion.

To address these limitations, we propose
PACE-SQL (Preference-Aligned Code comple-
tion framEwork for SQL), which jointly opti-
mizes completion quality and preference align-
ment. Our key insight is that real-world IDE in-
teraction logs reveal users’ genuine completion
preferences by recording where completions are
triggered, whether users adopt the suggestions,
and how the code evolves afterward. We there-
fore mine these logs to construct preference-aware
training data. To bridge the static FIM mis-
match, we derive completion-required samples by
comparing the code at each trigger position be-
tween the trigger time and later editing states, us-
ing the newly inserted span as the ground truth.
For over-suggestion, we mine abstention samples,
which target empty strings, from ignored sugges-
tions with no subsequent edit at triggered posi-
tions. To alleviate SQL resource scarcity, we con-
struct WeSQL-1.5M from interaction logs, captur-
ing user preference signals. We additionally build
OpenSQL-FIM from public SQL corpora by con-
structing FIM samples with abstention scenarios.

PACE-SQL trains in three stages. Continual
Pre-training (CPT) and Supervised Fine-Tuning
(SFT) internalize SQL-domain knowledge and
completion quality. In the Reinforcement Learn-
ing (RL), we design a reward function that jointly
rewards correct generation, user adoption, and
conservative abstention, thereby preserving com-
pletion quality while suppressing over-suggestion.

We evaluate PACE-SQL on WeSQL-1.5M and
OpenSQL-FIM. Compared with general LLMs,
code LLMs, and external filters, PACE-SQL im-
proves Exact Match (EM) and Edit Similarity (ES)
over the best baseline by 9.67% and 7.52% on
WeSQL-1.5M. Ablation studies confirm the contri-
bution of each training stage, abstention data, and
the reward function. PACE-SQL increases the on-
line user acceptance rate from 5% to 29%.

We summarize our contributions as follows:

• We propose PACE-SQL, a preference-aligned
SQL completion framework that integrates CPT,
SFT, and RL to enhance completion quality and
suppress noisy suggestions.

• We design a unified RL reward function that
combines correct generation, user adoption, and
abstention, enabling the model to learn when to
complete and when to stay silent.

• We construct two SQL completion datasets:
WeSQL-1.5M, mined from real-world user logs
with 1.5 million samples, and OpenSQL-FIM,
derived from public SQL corpora. Both datasets
cover completion and abstention scenarios. 3

• We conduct extensive experiments to validate
PACE-SQL, with the online acceptance rate con-
firming its alignment with user preferences.

2 SQL Fill-in-the-Middle Formulation

Task. Given a complete SQL sequence x, the
Fill-in-the-Middle (FIM) task partitions it into a
prefix p, a middle segment m, and a suffix s, i.e.,
x = (p,m, s). The goal is to generate the missing
segment m conditioned on the surrounding con-
text, formulated as P (m | p, s).

Format. For FIM with LLMs, the three
segments are serialized with sentinel tokens
into the Prefix-Suffix-Middle (PSM) format:
<PRE> p <SUF> s <MID> m.

Due to the page limit, we provide a detailed
discussion of related work in Appendix A. In
short, unlike prior work that relies on external filter
models to suppress suggestions (Sun et al., 2024;
Mozannar et al., 2024; de Moor et al., 2026), we
model abstention as an internal generation behav-
ior, removing the need for auxiliary modules.

3 WeSQL-1.5M Dataset Construction

3.1 SQL Corpus Construction
We collect raw SQL submission scripts from Ten-
cent WeData platform, an enterprise data ware-
house and governance platform where SQL is the
dominant language among over 8.7K users and
the system serves over 30K SQL completion re-
quests per day. However, raw SQL data often
contains syntax errors and redundant query tem-
plates. Therefore, we apply length filtering, dedu-
plication, and syntax validation to construct a con-
tinual pre-training corpus DCPT. Detailed proce-
dures are provided in Appendix G.

3.2 Mining Ground Truth for FIM Tasks
Conventional FIM data construction randomly
splits code sequences into prefix, middle, and suf-
fix triples, ignoring real user completion behaviors.
However, online interaction logs record continu-
ous editing trajectories and adoption of the gener-

3For privacy, only OpenSQL-FIM is publicly released. It
is available at https://github.com/DefengXie/PACE-SQL.
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Figure 1: Overview of PACE-SQL.

ated suggestions, revealing genuine user require-
ments. As shown in Figure 1, by analyzing these
logs, we derive two categories of training samples:
completion-required samples and abstention sam-
ples. These categories collectively represent user
requirements in practical development scenarios.

Mining Online Interaction Logs. Each time
the IDE triggers a completion request, the model
generates a suggestion ŷi based on the code con-
text ci = (pi, si), where pi and si denote the prefix
and suffix around the cursor. We record each inter-
action as ⟨ti, ci, ŷi, ai⟩, where ti is the timestamp
and ai = 1 if user accepts the suggestion via Tab.

Behavioral Patterns of User Interactions. The
instantaneous adoption signal ai alone cannot reli-
ably reflect the user’s true intent, since accepted
suggestions may be revised or discarded, while
rejected ones may still be manually implemented.
By comparing the user’s adoption of the provided
suggestion ŷi at code state ci with a later state cj
(tj > ti), we observe four behavioral patterns:
• Accepted-and-Kept: the suggestion is adopted

and remains unchanged at the target position;
• Accepted-but-Revised: the suggestion is initially

adopted but later modified or discarded;
• Rejected-and-Empty: the suggestion is ignored

and no code is inserted at the target position;
• Rejected-but-Implemented: the user ignores the

suggestion but inserts code at the target position.

Mining Completion-Required Ground Truth.
If a new fragment appears at the target position in
a later state cj that was absent in ci, we infer a gen-

uine completion need exists under the current con-
text. We therefore construct completion-required
samples from Accepted-and-Kept, Accepted-but-
Revised, and Rejected-but-Implemented patterns,
treating the inserted code as the ground-truth g:

⟨c, g, ŷ, a⟩ ∈ Dcomp
align . (1)

Mining Abstention Ground Truth. Rejected-
and-Empty interactions indicate that no comple-
tion is needed at the target position. To reduce
unnecessary generation, we treat such cases as ab-
stention samples with empty ground truth:

⟨c, g = ∅, ŷ, a⟩ ∈ Dabs
align. (2)

High-Confidence Filtering. Since code states
shortly after ti may be unstable, for each context c
we keep the sample with the largest temporal gap
∆t = tj − ti across Dcomp

align and Dabs
align, yielding the

final alignment dataset Dalign.

4 Three-Stage Model Training

4.1 Continual Pre-training
Since SQL data is scarce in the pre-training cor-
pora of most code-based LLMs, the understand-
ing of SQL syntax and query logic in these models
remains limited. We therefore perform Continual
Pre-training (CPT) on the high-quality SQL cor-
pus DCPT constructed in Sec. 3.1 under the FIM
paradigm. Each SQL statement is randomly parti-
tioned into prefix p, middle m, and suffix s in the
PSM format. The training objective is:

LCPT(θ) = −Ex∼DCPT [logPθ(m | p, s)] . (3)
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4.2 Supervised Fine-Tuning
Although CPT captures SQL syntax regularities,
its random FIM sampling misaligns with real com-
pletion triggers and ignores abstention. We there-
fore perform Supervised Fine-Tuning (SFT) on
DSFT, a small subset of Dalign from Sec. 3.2. The
model is trained autoregressively to generate the
ground-truth g from the context c = (p, s):

LSFT(θ) = −E(c,g)∼DSFT [logPθ(g | c)] . (4)

4.3 Reinforcement Learning
While CPT and SFT improve SQL completion
ability, they do not explicitly optimize for user
preferences, such as when to provide suggestions
and when to remain silent. Accordingly, we ap-
ply reinforcement learning on DRL, the remaining
portion of Dalign. Specifically, we design a reward
function that incorporates completion correctness,
user adoption, and abstention. Optimized with
DAPO (Yu et al., 2025), this formulation guides
the model to better align with user preferences.

Reward Design. To incorporate user behavioral
preferences into reinforcement learning, we pro-
pose a unified reward function based on user adop-
tion and model-generated suggestions recorded
in interaction logs. Given a code context c =
(p, s), the policy samples a completion rollout y.
The primary reward component, Rmatch, measures
whether the generated completion exactly matches
the ground-truth g:

Rmatch = EM(y, g), (5)

where EM (Exact Match) is a binary indicator that
returns 1 if y = g and 0 otherwise.

User acceptance (a = 1) of the suggestion ŷ pro-
vides an implicit preference signal. Accordingly,
we introduce an auxiliary term, weighted by a co-
efficient λ, that rewards the EM between the roll-
out y and the accepted suggestion ŷ:

Radopt = λaEM(y, ŷ). (6)

We further consider the model’s abstention be-
havior. Correct abstention (y = g = ∅) is already
rewarded by Rmatch. In addition, we introduce a
small conservative-abstention bonus for the case
(g ̸= ∅, y = ∅). Although mismatching the ground
truth, abstention is still preferable to a potentially
incorrect completion. We therefore assign a small
positive reward δ for this behavior:

Rabs = δ · 1[a = 0] · 1[y = ∅] · 1[g ̸= ∅]. (7)

The final reward function is defined as:

R(y, g, ŷ, a) = Rmatch +Radopt +Rabs. (8)

Unlike conventional rewards based solely on ex-
act match, ours explicitly rewards both useful sug-
gestions and conservative abstention, thereby mit-
igating over-suggestion and aligning SQL comple-
tion with practical user preferences.

DAPO Optimization. We adopt Decoupled
Clip and Dynamic Sampling Policy Optimization
(DAPO) (Yu et al., 2025) as the policy optimiza-
tion algorithm. DAPO samples multiple candidate
completions and optimizes the policy using group-
relative advantages. The objective is defined as:

JDAPO(θ) = ED,{oi}Gi=1

[
1

G

G∑

i=1

|oi|∑

t=1

min
(
ri,t(θ)Âi,t,

clip (ri,t(θ), 1− ϵlow, 1 + ϵhigh) Âi,t

)]
,

where {oi}Gi=1 are candidate completions from the
old policy πθold , and the importance ratio is

ri,t(θ) =
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
. (9)

The advantage Âi,t is computed by reward normal-
ization within the sampled group:

Âi,t =
Ri −mean({Ri}Gi=1)

std({Ri}Gi=1)
, (10)

where Ri is the rollout reward of completion oi.

5 Experiments

5.1 Experimental Settings
We conduct extensive experiments to evaluate
PACE-SQL and answer the following questions:
(1) RQ1: Does PACE-SQL outperform state-of-
the-art SQL completion baselines? (2) RQ2: How
do CPT, SFT, and RL contribute to the overall per-
formance? (3) RQ3: Does the customized reward
effectively align the model with user preferences?
(4) RQ4: What is the impact of abstention data on
model performance? (5) RQ5: How does PACE-
SQL perform in online deployment?

Datasets. We use two datasets, both contain-
ing completion-required and abstention samples:
(1) WeSQL-1.5M, an industrial dataset that we
mine from real completion interaction logs, with
1.5M training samples and 4.4K test samples.
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Model WeSQL-1.5M OpenSQL-FIM
EM ES ROUGE-L JW EM ES ROUGE-L JW

General LLMs
DS-V4-Flash 29.94 ±0.05 50.84 ±0.03 48.12 ±0.07 68.67 ±0.05 60.17 ±0.12 78.91 ±0.11 77.82 ±0.11 88.68 ±0.05

Code LLMs
DS-Coder-6.7B 24.00 ±0.13 44.77 ±0.10 42.43 ±0.12 63.83 ±0.08 56.73 ±0.12 75.68 ±0.09 74.48 ±0.11 86.41 ±0.07
Qwen-Coder-7B 23.70 ±0.11 43.98 ±0.08 42.19 ±0.09 64.35 ±0.06 52.29 ±0.10 72.13 ±0.08 70.90 ±0.09 83.84 ±0.06
aiXcoder-7B 21.68 ±0.12 39.82 ±0.01 37.20 ±0.07 56.19 ±0.07 48.45 ±0.17 69.36 ±0.02 67.56 ±0.04 81.26 ±0.01
StructureCoder-7B 20.11 ±0.03 40.15 ±0.01 38.44 ±0.02 60.57 ±0.02 42.93 ±0.04 64.48 ±0.03 63.97 ±0.04 78.90 ±0.01
SeedCoder-8B 21.66 ±0.02 42.56 ±0.11 40.56 ±0.11 62.18 ±0.10 51.55 ±0.10 71.21 ±0.03 69.87 ±0.07 83.29 ±0.01
Qwen-Coder-14B 27.52 ±0.09 47.10 ±0.08 45.22 ±0.09 65.86 ±0.06 56.69 ±0.10 75.46 ±0.08 74.07 ±0.09 85.85 ±0.06
StarCoder2-15B 19.64 ±0.11 39.34 ±0.02 37.33 ±0.04 59.16 ±0.02 45.18 ±0.04 66.38 ±0.05 65.91 ±0.04 79.32 ±0.03
Qwen-Coder-32B 28.64 ±0.09 48.64 ±0.08 46.96 ±0.08 67.26 ±0.05 58.74 ±0.09 77.28 ±0.07 76.15 ±0.08 87.17 ±0.06
DS-Coder-33B 24.44 ±0.09 45.52 ±0.07 43.55 ±0.08 64.52 ±0.05 58.79 ±0.09 77.46 ±0.07 76.33 ±0.08 87.62 ±0.05

External Filter
FrugalCoder (DS-6.7B) 22.91 ±0.12 38.14 ±0.09 36.31 ±0.13 52.03 ±0.07 54.75 ±0.11 71.59 ±0.10 70.29 ±0.10 80.80 ±0.08
FrugalCoder (Qwen-14B) 25.61 ±0.09 40.52 ±0.07 39.05 ±0.10 54.59 ±0.05 54.97 ±0.11 71.75 ±0.07 70.21 ±0.08 80.55 ±0.07

Our Models
PACE-SQL (DS-6.7B) 36.54 ±0.12 56.66 ±0.05 56.06 ±0.07 70.29 ±0.06 61.91 ±0.05 78.91 ±0.03 78.26 ±0.02 90.01 ±0.01
PACE-SQL (Qwen-14B) 39.61 ±0.08 58.36 ±0.06 56.44 ±0.07 76.13 ±0.04 63.87 ±0.09 79.28 ±0.07 79.17 ±0.08 90.06 ±0.05

Table 1: Performance comparison on WeSQL-1.5M and OpenSQL-FIM. Entries with “±” are reported as
mean±std over three independent runs. Best and second-best per column are highlighted.
Note. Abbreviations: DS = DeepSeek; Qwen-Coder = Qwen2.5-Coder.

(2) OpenSQL-FIM, derived from The Stack
V2 (Lozhkov et al., 2024) and processed into FIM
instances, containing 1.15M training samples and
4.2K test samples. Construction details are pro-
vided in Appendix H.

Baselines. We compare PACE-SQL with three
baseline categories: (1) General LLMs: We se-
lect DeepSeek-V4-Flash, the large-scale LLMs
that support FIM. (2) Code LLMs: We eval-
uate various parameter scales across DeepSeek-
Coder (Guo et al., 2024), Qwen-Coder (Hui
et al., 2024), SeedCoder (Seed et al., 2025), Star-
Coder2 (Lozhkov et al., 2024), aiXcoder (Jiang
et al., 2025), and StructureCoder (Ren et al., 2025).
(3) External Filter: FrugalCoder (Sun et al.,
2024), which trains an estimator to suppress low-
confidence completions. Details of the baselines
and reproduction are provided in Appendix K.

Training Configurations. We use Qwen2.5-
Coder-14B and DeepSeek-Coder-6.7B as back-
bones and train two variants with distinct data
sources: (1) an industrial variant trained and eval-
uated on WeSQL-1.5M; and (2) an open-source
variant trained and evaluated on OpenSQL-FIM,
using only Rmatch during RL as open-source cor-
pora lack user adoption signals and interaction in-
formation. Hyperparameters and hardware config-
urations are detailed in Appendix I.

Evaluation Metrics. We employ four metrics
(all higher is better) to assess completion quality:
Exact Match (EM), Edit Similarity (ES), ROUGE-
L, and Jaro–Winkler (JW) similarity (Jaro, 1989).
Detailed definitions are provided in Appendix B.

5.2 Main Results (RQ1)

Table 1 reports performance comparisons on two
benchmarks. We summarize three observations:

First, PACE-SQL consistently outperforms all
baselines. PACE-SQL (Qwen-14B) surpasses
DeepSeek-V4-Flash by 9.67% on WeSQL-1.5M
and 3.70% on OpenSQL-FIM in EM. Notably,
PACE-SQL yields consistent gains on two base
models across sizes, indicating that its benefits
do not depend on a particular backbone. Sec-
ond, PACE-SQL achieves larger gains on interac-
tion logs than on static open-source data. This is
expected since interaction logs better reflect user
needs, while the consistent gains on OpenSQL-
FIM show that our framework remains effective on
public SQL data. Third, the external filter yields
a slight degradation relative to its backbone: Fru-
galCoder only suppresses low-confidence outputs
without improving completion quality. In contrast,
PACE-SQL internalizes abstention into training
and jointly improves completion quality. Analyses
of completion and abstention cases are provided in
Appendix D and Appendix E, respectively.
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Model Setting EM ES ROUGE-L JW
WeSQL-1.5M

Qwen2.5-Coder 27.52 47.10 45.22 65.86
+ CPT 30.23 51.69 49.37 70.02
+ SFT 36.57 53.82 56.19 75.62
+ RL (Ours) 39.61 58.36 56.44 76.13

OpenSQL-FIM
Qwen2.5-Coder 56.69 75.46 74.07 85.85

+ CPT 58.67 77.41 76.13 87.43
+ SFT 62.13 80.68 79.55 90.35
+ RL (Ours) 63.87 79.28 79.17 90.06

Table 2: Ablation study of training stages on Qwen2.5-
Coder. Best results are in bold.

5.3 Additional Experiments
We further analyze the contributions of each com-
ponent and online performance of PACE-SQL us-
ing Qwen2.5-Coder-14B as the backbone model.

Impact of Training Stages (RQ2). To isolate
the contribution of each training stage, we con-
duct a progressive ablation study, with results re-
ported in Table 2. CPT and SFT consistently im-
prove ES, JW and ROUGE-L on both datasets,
showing their effectiveness in SQL-domain adap-
tation. RL further yields EM gains. On OpenSQL-
FIM, this EM improvement comes with a slight
drop in similarity-based metrics. We attribute
this drop to the abstention behavior learned dur-
ing RL. In uncertain completion-required cases,
SFT tends to produce a partially matching but
EM-incorrect completion, which still earns simi-
larity credit through character overlap. RL is more
likely to abstain, losing this similarity credit with-
out changing EM on these examples, which re-
duces unhelpful interruptions to users in reality.

Effectiveness of Reward (RQ3). To evaluate
the effectiveness of our proposed reward func-
tion, we conduct an ablation study on WeSQL-
1.5M. We compare three variants: (a) Rmatch,
(b)Rmatch + Radopt, and (c) the full reward. As
shown in Figure 2, removing any component de-
grades at least one metric, while the full reward
achieves the best results on all metrics. This
confirms that match correctness, user adoption,
and conservative abstention provide complemen-
tary signals for alignment.

Impact of Abstention Data (RQ4). We study
the effect of abstention data mined from user in-
teraction logs on WeSQL-1.5M. To decouple data
supervision from reward engineering, we only ap-
ply Rmatch in two settings: (a) w/o abstention data
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and (b) with 20% abstention data. Figure 3 shows
that abstention data improves all metrics and raises
Abstention Recall from 17.1% to 95.8%, indicat-
ing that such samples provide critical supervision
for recognizing no-completion contexts even with-
out the full reward function.

Online Deployment (RQ5). Figure 4 presents
the online user acceptance rate during PACE-SQL
deployment. Starting from a vanilla Qwen2.5-
Coder-7B baseline with only 5% acceptance, the
incremental introduction of CPT, SFT, and RL pro-
gressively raises the acceptance rate to 29%. De-
ployment details are provided in Appendix J.

To further investigate the factors underlying the
acceptance-rate improvement across deployment
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Stage Req. Disp. Acc. Acc. Tok.

Early Stage 44.62 17.98 0.84 7.53
CPT 158.59 16.38 2.61 20.19
SFT 155.12 15.47 2.88 25.35
RL 369.50 18.35 5.32 37.67

Table 3: Online deployment statistics averaged per
user-day across stages. Req. denotes completion re-
quests; Disp., displayed suggestions; Acc., suggestions
accepted via Tab; and Acc. Tok., tokens contained in
Tab-accepted suggestions.

stages, we report the average per-user-day statis-
tics in Table 3. As the model’s abstention abil-
ity improves, empty outputs reduce inference costs
and allow the system to handle more IDE requests,
while the number of suggestions displayed to each
user per day remains stable. Meanwhile, the num-
bers of Tab-accepted suggestions and accepted to-
kens per user-day increase substantially. These re-
sults show that PACE-SQL improves completion
quality, raising the acceptance rate by increasing
the number of accepted suggestions rather than re-
ducing the number of displayed suggestions.

6 Conclusion

We propose PACE-SQL, a preference-aligned
framework for SQL completion that addresses
over-suggestion, random FIM sampling, and
scarce SQL datasets. We build two SQL comple-
tion datasets, WeSQL-1.5M and OpenSQL-FIM.
We adopt a CPT–SFT–RL training pipeline with
a unified reward to jointly optimize correctness,
adoption, and abstention. PACE-SQL has been de-
ployed in our enterprise IDE for SQL completion.

Limitations

While PACE-SQL demonstrates significant im-
provements in SQL code completion, we acknowl-
edge certain scope boundaries that present oppor-
tunities for future research. First, our current
framework primarily focuses on single-line com-
pletions within the active file. Although this cov-
ers most real-world IDE interactions, complex
SQL queries often rely on table schemas scattered
across other files in the repository. Incorporat-
ing repository-level context could therefore fur-
ther enhance completion accuracy for multi-table
queries. Second, to avoid interrupting real devel-
opment workflows, we obtain abstention signals
by comparing two code states within the time win-
dow rather than asking developers to explicitly la-

bel each case through pop-up prompts. Although
this ∆t-based construction yields high-confidence
labels, such behavioral proxies cannot completely
represent true user intent.

Ethical Considerations

The training data of PACE-SQL consists of SQL
scripts and completion interaction logs collected
from an internal enterprise data platform. The plat-
form is accessible only to internal employees, with
no external users. Before entering the training
pipeline, the data is desensitized to remove person-
ally identifiable information such as user names,
account identifiers, and contact details embedded
in SQL. We further note that our logging is strictly
bounded to what the completion service already re-
quires: the system does not observe the user’s IDE
interface, and the behavioral patterns in Sec. 3.2
are reconstructed solely from the cursor-side code
context ci = (pi, si) transmitted at each comple-
tion request, together with the resulting suggestion
and adoption flag.
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A Related Work

Code Completion with LLMs. Early models
such as Codex, CodeGen, and PaLM (Chen et al.,
2021; Nijkamp et al., 2023; Chowdhery et al.,
2023), followed a left-to-right next-token predic-
tion paradigm, which is less suitable for infill-
ing scenarios that require both left and right con-
text. The Fill-in-the-Middle (FIM) (Bavarian et al.,
2022) addresses this by training models to gener-
ate missing code conditioned on surrounding con-
text, and has been adopted by modern code LLMs
such as CodeLlama, DeepSeek-Coder, and Qwen-
Coder (Li et al., 2023; Rozière et al., 2024; Guo
et al., 2024; Hui et al., 2024; Yang et al., 2025).

Addressing Unhelpful Suggestions in Code
Completion. Existing methods mostly rely on
external decision models to mitigate unhelpful sug-
gestions. FrugalCoder (Sun et al., 2024) trains
an estimator to suppress low-confidence comple-
tion context. Microsoft and JetBrains (Mozannar
et al., 2024; de Moor et al., 2026) adopt a two-
stage strategy in which a trigger model decides
whether to invoke the LLM and a filter model de-
cides whether to display the generated suggestion,
which inevitably increases the complexity of the
overall framework. In contrast, rather than filter-
ing out bad suggestions, PACE-SQL avoids gener-
ating them at the source by modeling abstention as
an internal generation behavior.

B Evaluation Metrics Details

For evaluation parameters, we set the maximum
sequence length to 16K tokens and limit the max-
imum generated length to 60 tokens. We employ
four metrics (all higher is better) to assess comple-
tion quality:

(1) Exact Match (EM): Measures character-
level identity with the ground truth.

(2) Edit Similarity (ES): Quantifies code revi-
sion cost via normalized Levenshtein distance.

(3) ROUGE-L: Captures sequence-level over-
lap via the longest common subsequence.

(4) Jaro–Winkler (JW): A prefix-weighted
string similarity metric, computed as:

JW(y, g) = J(y, g) + ℓ · p · (1− J(y, g)), (11)

where J is the Jaro similarity, ℓ the common prefix
length (up to 4), and p = 0.1.

Model EM ES

Closed-Source LLMs
GPT-4o 20.22 28.75
Claude-Sonnet-4-6 21.00 34.05

Open-Source Code LLMs (Base)
Qwen2.5-Coder-14B 56.69 75.46
DeepSeek-Coder-6.7B 56.73 75.68

Table 4: Performance of closed-source LLMs on
OpenSQL-FIM. Two open-source code LLMs are in-
cluded for reference.

C Closed-Source LLMs on SQL FIM

In code completion scenarios, practitioners typ-
ically prefer base models over instruction-tuned
models for FIM tasks. This is because alignment
training during the instruction tuning stage signif-
icantly alters the model’s output distribution, bi-
asing it toward natural-language-style responses
rather than precise code completions, thereby de-
grading completion accuracy. Accordingly, we
prefer base models for open-source baselines in
our main experiments.

Current mainstream closed-source LLMs
(e.g., GPT-4o, Claude-Sonnet-4-6) only provide
instruction-based API interfaces, which neither
support FIM-specific special tokens nor provide
access to base model variants. Therefore, we
design a natural-language prompt template (il-
lustrated in Figure 6) that embeds the prefix and
suffix in a structured format to evaluate these
models on FIM tasks.

Due to privacy constraints on industrial data,
we evaluate closed-source models exclusively on
the publicly constructed dataset, OpenSQL-FIM.
As shown in Table 4, both GPT-4o and Claude-
Sonnet-4-6 fall substantially behind even 6.7B-
scale open-source code LLMs on EM, confirming
that prompt-based FIM simulation on instruction-
tuned models cannot substitute for native FIM ca-
pability in code completion.

D Completion-Required Analysis

We separately examine how PACE-SQL performs
when a completion is genuinely required. The
WeSQL-1.5M test set contains 4,400 cases, of
which 80% (3,519) are completion-required and
the remaining 20% are abstention cases.
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Model EM Gen. Correct

Qwen2.5-Coder-32B 0.2043 3251 719
DeepSeek-V4-Flash 0.2160 3300 760
PACE-SQL (Qwen-14B) 0.2515 2706 885

Table 5: Performance on the completion-required sub-
set (3,519 cases) of the WeSQL-1.5M test set. Gen. de-
notes generated completions, and Correct denotes cor-
rect completions.

Pattern Cases Correct

Accepted-and-Kept 119 (3.38%) 80
Accepted-but-Revised 178 (5.06%) 45
Rejected-but-Implemented 3,222 (91.56%) 760

Table 6: Distribution of the three behavioral patterns
among the completion-required cases in the WeSQL-
1.5M test set, with the number of correct completions
produced by PACE-SQL (Qwen-14B).

Quality on Completion-Required Cases. On
the completion-required subset, we compare
PACE-SQL with the best general LLM baseline
(DeepSeek-v4-flash) and the strongest code LLM
baseline (Qwen2.5-Coder-32B). As shown in Ta-
ble 5, although PACE-SQL generates fewer com-
pletions, it produces more correct completions and
achieves higher EM than both baselines. This is
valuable in practice, as it indicates that PACE-SQL
tends to present useful suggestions to users while
reducing unnecessary interruptions.

Gains Beyond the Predecessor Model. As de-
scribed in Sec. 3.2, completion-required cases
are mined from three patterns: Accepted-and-
Kept, Accepted-but-Revised, and Rejected-but-
Implemented. To verify that PACE-SQL gen-
uinely improves completion ability rather than
being a clone of the predecessor model’s well-
served subset, we decompose the completion-
required cases by these three patterns, with re-
sults reported in Table 6. Accepted-and-Kept
cases, which directly reflect the predecessor’s
adopted suggestions, form only a small fraction,
whereas Rejected-but-Implemented cases domi-
nate and PACE-SQL correctly completes 760 of
them. This confirms that PACE-SQL’s improve-
ments go well beyond replicating the predecessor
model’s outputs.

Comparison with an Ideal Classifier. To ex-
amine whether external gating can replace in-
ternalized abstention, we construct an upper

Model EM Gen. Correct Comp. Correct Abst.

Ideal Classifier 0.3593 3262 700 881
PACE-SQL 0.3961 2706 885 858

Table 7: Comparison with the ideal upper bound of
external gating on the WeSQL-1.5M test set, using
Qwen2.5-Coder-14B as the backbone. Gen. denotes
generated completions on completion-required cases;
Correct Comp. and Correct Abst. denote correct com-
pletions and correct abstentions, respectively.

bound using an ideal classifier paired with a
frozen Qwen2.5-Coder-14B backbone. The clas-
sifier always displays suggestions for completion-
required cases and abstains on all abstention cases.
As shown in Table 7, even with a perfect clas-
sifier, the frozen backbone underperforms PACE-
SQL. This demonstrates that PACE-SQL not only
learns when to provide suggestions but also im-
proves completion quality.

E Abstention Recall Across Models

A core motivation of PACE-SQL is to suppress
unhelpful completions on prompts whose ground-
truth target is empty. Complementary to the
completion-required analysis above, we report Ab-
stention Recall on both datasets, defined as the
proportion of empty-target prompts on which a
model also produces an empty completion, i.e.,
P (y = ∅ | g = ∅). A higher value indicates
a stronger ability to remain silent when no useful
completion is expected.

Table 8 reports the Abstention Recall of all
baselines and PACE-SQL on WeSQL-1.5M and
OpenSQL-FIM. We observe three patterns. First,
existing backbone models show limited abstention
ability on WeSQL-1.5M, where all general and
code LLM baselines remain below 65% Absten-
tion Recall. On OpenSQL-FIM, abstention re-
call is generally higher, with DeepSeek-V4-Flash
reaching 81.79%, while most code LLMs remain
below 80%. Second, FrugalCoder improves Ab-
stention Recall over its corresponding backbones,
suggesting that an explicit pre-filtering estimator
can help suppress completions on empty-target
prompts. Third, PACE-SQL obtains higher Ab-
stention Recall than the compared baselines on
both benchmarks. This suggests that incorporating
abstention behavior into training can improve the
model’s tendency to remain silent when no com-
pletion is expected.
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Model WeSQL-1.5M OpenSQL-FIM

DS-V4-Flash 64.70 81.79
Qwen2.5-Coder-32B 61.41 78.26
Qwen2.5-Coder-14B 58.00 75.06
DS-Coder-33B 50.23 78.15

StarCoder2-15B 35.64 48.79
aiXcoder-7B 53.30 69.43
SeedCoder-8B 41.20 64.24
Qwen2.5-Coder-7B 49.60 66.34
DS-Coder-6.7B 49.77 75.50

FrugalCoder (Qwen-14B) 67.88 77.59
FrugalCoder (DS-6.7B) 61.82 77.81

PACE-SQL (DS-6.7B) 88.75 97.02
PACE-SQL (Qwen-14B) 97.39 98.45

Table 8: Abstention Recall (%) on WeSQL-1.5M and
OpenSQL-FIM. Higher is better.

Model EM ES ROUGE-L JW
Qwen2.5-Coder 56.69 75.46 74.07 85.85
Qwen2.5-Coder (+50K OpenSQL-FIM) 56.71 73.40 74.01 86.46
PACE-SQL (+50K OpenSQL-FIM) 62.63 78.32 78.31 89.35
PACE-SQL (OpenSQL-FIM Only) 63.87 79.28 79.17 90.06

Table 9: Cross-dataset transferability on OpenSQL-
FIM. PACE-SQL (OpenSQL-FIM Only) is trained on
the full OpenSQL-FIM training data. PACE-SQL
(+50K OpenSQL-FIM) continues RL from the PACE-
SQL model trained on WeSQL-1.5M, using only 50K
additional OpenSQL-FIM samples (∼20% of the train-
ing set) with Rmatch.

F Cross-Dataset Generalization

We further assess the cross-dataset transferabil-
ity of PACE-SQL by evaluating it on OpenSQL-
FIM. As shown in Table 9, starting from the
PACE-SQL model trained solely on our enterprise
dataset WeSQL-1.5M, we continue RL training on
only 50K OpenSQL-FIM samples (∼20% of the
250K RL training set). Additionally, we apply the
same RL training to Qwen2.5-Coder-14B using
the same 50K samples. The resulting PACE-SQL
model reaches an EM of 62.63%, substantially out-
performing the Qwen2.5-Coder backbone and ap-
proaching the performance of the model trained on
the full OpenSQL-FIM dataset. This indicates that,
by building on the SQL completion and absten-
tion ability acquired from WeSQL-1.5M training,
PACE-SQL can efficiently adapt to a new domain
and nearly match full-data performance with only
a small amount of target-domain supervision.

G WeSQL-1.5M Construction Details

We collect raw SQL submission scripts from our
enterprise data warehouse and governance plat-
form, where SQL is the dominant language among
over 8.7K users and the system serves over 30K
SQL completion requests per day. However, raw
SQL data is inherently noisy, containing syntax er-
rors, debugging fragments, and redundant query
templates. To address this, we apply a multi-
stage cleaning pipeline consisting of length filter-
ing, deduplication, and syntax validation.

Length Filtering. Let Draw denote the initial col-
lection of SQL scripts. We retain only scripts with
character length in [30, 50,000], filtering out in-
complete fragments and excessively long submis-
sions, yielding the filtered subset D1.

Deduplication. The filtered corpus D1 still con-
tains many near-duplicate scripts that differ only in
minor lexical variations. For example, two scripts
SELECT name FROM employees WHERE dept
= ’sales’ and SELECT name FROM employees
WHERE dept = ’marketing’ share identical struc-
ture and differ only in a single literal value. Retain-
ing these highly similar samples may cause overfit-
ting to frequent query templates.

Following prior work (Lee et al., 2022), we use
MinHash (Broder, 1997) with Locality-Sensitive
Hashing (LSH) (Indyk and Motwani, 1998) for ap-
proximate deduplication, yielding a deduplicated
corpus D2. The core idea is to hash each SQL
into a compact signature to approximate simi-
larity, then partition signatures into buckets to
efficiently identify near-duplicate pairs. Near-
duplicate scripts are grouped into clusters, and a
single representative is retained from each cluster,
yielding D2 ⊆ D1.

Syntactic Validation. To ensure syntactic cor-
rectness, we further parse each script in D2 us-
ing sqlglot and discard parsing failures, ob-
taining the final continual pre-training corpus
DWeSQL-CPT.

Table 10 summarizes the data composition of
WeSQL-1.5M. The continual pre-training corpus
DWeSQL-CPT is collected in the stage described
in Sec. 3.1, while the supervised fine-tuning set
DWeSQL-SFT and the reinforcement learning set
DWeSQL-RL are both obtained in the stage described
in Sec. 3.2. The held-out test data contains 4,400
real user FIM interactions and is used exclusively
for evaluation.
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Stage / Subset # Samples

Training Allocation
Continual Pre-training (DWeSQL-CPT) 900,000
Supervised Fine-tuning (DWeSQL-SFT) 300,000
Reinforcement Learning (DWeSQL-RL) 300,000
Held-out Test 4,400

Table 10: Statistics of the WeSQL-1.5M. The upper
section shows the data allocation across training stages;
the held-out test data is used exclusively for evaluation.

H OpenSQL-FIM Construction Details

Raw SQL Preprocessing. We preprocess the
raw SQL corpus from StackV2 (Lozhkov et al.,
2024) through three steps:
• Length Filtering: we retain only SQL statements

whose character length falls between 30 and
50,000.

• Deduplication: we apply MinHash-LSH to re-
move near-duplicate scripts, following the same
procedure described in Appendix G.

• Syntactic Validation: we parse each SQL state-
ment and retain only those that pass compilation.

The data statistics at each stage are shown in Ta-
ble 11. We globally shuffle the cleaned corpus and
first hold out a test set of 4,188 samples, of which
20% are abstention test cases. The remaining data
is then randomly split into CPT, SFT, and RL sub-
sets, ensuring no overlap between the test set and
any training partition.

FIM Sample Construction. For each SQL
statement, we randomly split it into a prefix p, a
middle span m, and a suffix s, where m serves
as the ground-truth target. We then serialize each
FIM sample using the model-specific FIM format
of the corresponding backbone.

For Qwen2.5-Coder, each training sample fol-
lows its native FIM tokenization format:

<|fim_prefix|> p <|fim_suffix|> s

<|fim_middle|> m.

For DeepSeek-Coder-6.7B, each training sam-
ple follows its native FIM format:

<|fim_begin|> p <|fim_hole|> s

<|fim_end|> m.

In real-world IDEs, code completion is only
triggered when the cursor lands at a token bound-
ary, where the subsequent character is whitespace

Stage / Subset # Samples

Corpus Filtering
Initial collection 5,292,995
→ Deduplication 3,215,473
→ Syntactic Validation 1,245,559

Training Allocation
Continual Pre-training (DOpenSQL-FIM-CPT) 600,000
Supervised Fine-tuning (DOpenSQL-FIM-SFT) 300,000
Reinforcement Learning (DOpenSQL-FIM-RL) 250,000
Held-out Test 4,188

Table 11: Statistics of the OpenSQL-FIM construction
pipeline. The upper section shows the corpus size after
each filtering stage; the lower section shows the data
allocation across training stages.

or punctuation, rather than in the middle of an
identifier. To align the training distribution with
this behavior, we require the first character of s
to be whitespace or punctuation; splits where it is
alphanumeric are resampled up to 100 times, and
the sample is discarded if no valid split is found.

Empty Ground-Truth Construction. We ex-
plicitly construct empty ground-truth samples to
simulate abstention scenarios. A portion of the
SFT and RL samples use an empty string as the
ground truth, enabling the model to learn when
to generate and when to abstain. The proportion
of empty ground-truth samples is 20%. Figure 5
shows two representative FIM samples.

Benchmark Confidence Filtering. For the
benchmark split, we apply confidence filtering to
remove low-quality FIM samples. The filtering
consists of two steps:
• Noise filtering: we remove samples that are un-

likely to represent valid SQL completion scenar-
ios, including samples dominated by non-SQL
content, samples with little SQL context around
the cursor, and samples containing long non-
Chinese/English comments.

• Preference-consistency filtering: we use an
LLM-as-a-judge to verify whether each sample
is consistent with known user behaviors in SQL
code completion. Specifically, we sample 3,000
real user interactions from WeSQL-1.5M and es-
timate the cursor-level completion and absten-
tion rates from them, summarized in Table 12.
These rates serve as the judging criteria for fil-
tering OpenSQL-FIM samples. Following the
prompt in Figure 7, the judge assigns each sam-
ple to accept, borderline, or reject, and we retain
the former two.
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Cursor State Description Non-completion Rate User Preference

after comma Prefix ends with a comma 1.4% Strong completion
right-is-closer Suffix starts with a closing symbol, e.g., ), ’], or " 2.7% Strong completion
blank line Cursor is on an empty or indentation-only line 3.7% Strong completion
other Other regular cursor contexts 8.8% Neutral
at EOF Suffix is empty or nearly empty 12.7% Weak completion
glued between tokens Cursor is between two non-whitespace tokens 23.1% Weak abstention
after semicolon Prefix ends with a completed statement 25.0% Strong abstention

Table 12: User completion and abstention preferences summarized by an LLM from WeSQL-1.5M real-user inter-
actions. Non-completion rate denotes the proportion of abstained or rejected completions under each cursor state.

Completion Required Sample

prefix:

suffix:

ground truth:

Abstention Sample

prefix:

suffix:

ground truth: < empty >

e, address, phone)

char(50), IN address char(50), IN phone char(12))
BEGIN
IF NOT exists (Select * From tbl_borrower b
               where b.name = name and b.address =
address and b.phone = phone)
Then
    INSERT INTO tbl_borrower(nam

    VALUES(name, address, phone);
END IF;
END

CREATE TABLE ru_followers (username
VARCHAR, follows VARCHAR)

INSERT INTO ru_followers VALUES ('qwer', 'keth')

Figure 5: Two representative FIM samples constructed
from the OpenSQL-FIM corpus.

I Training Details

All training stages are conducted on 8×NVIDIA
H20 GPUs. We instantiate PACE-SQL with
two backbone models, Qwen2.5-Coder-14B and
DeepSeek-Coder-6.7B, and apply the same three-
stage training pipeline to each backbone. For each
backbone, the stages are executed sequentially:
CPT starts from the base model, while SFT and
RL initialize from the checkpoints produced by
their preceding stages, thereby preserving and pro-
gressively refining the acquired capabilities. Ta-
bles 13 and 14 summarize the training hyperpa-
rameters for Qwen2.5-Coder-14B and DeepSeek-
Coder-6.7B.

J Online Deployment Details

Setup. We deploy PACE-SQL in three stages
on the internal data platform, replacing the prior
production model with our CPT, SFT, and RL
checkpoints in turn. The platform is restricted
to internal employees, and its active user popu-
lation remained stable throughout the study. We
therefore report the online numbers as a pre-
/post-deployment comparison on the same cohort,
where the trigger policy and suggestion-display UI
are kept fixed across stages so that only the under-
lying model changes.

Result. The platform serves over 8.7K SQL
users and over 30K completion requests per day,
which provides sufficient daily samples for a sta-
ble estimate of the user acceptance rate. A sug-
gestion is considered accepted if the user presses
the Tab key, and the acceptance rate is computed
as (Tab-accepted / displayed suggestions). Under
this setting, as shown in Figure 4, the acceptance
rate rises monotonically from 5% on the prior pro-
duction model to 16% after CPT and 18% after
SFT, and finally reaches 29% with the complete
PACE-SQL pipeline (CPT+SFT+RL). This trend
is consistent with the incremental contribution of
each training stage in real deployment.

K Baseline Details and Reproduction

K.1 aiXcoder-7B

aiXcoder-7B (Jiang et al., 2025) is a 7B decoder-
only model trained on 1.2T tokens with three al-
ternating training objectives. Its key novelty is a
structured variant of fill-in-the-middle (FIM) pre-
diction. Standard FIM masks a randomly cho-
sen contiguous token span. aiXcoder-7B instead
parses each source file into a syntax tree with
tree-sitter and randomly picks a non-root, non-
leaf node. It then selects a span inside the cor-
responding code region, forcing the span’s end
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Stage Hyperparameter Industrial Open-Source

CPT

Training samples 900K 600K
Learning rate 2e-5
Epochs 2
Max seq length 16,384
Optimizer AdamW
Training time ∼72–96 hours

SFT

Training samples 300K 300K
Learning rate 2e-5
Epochs 2
Max seq length 16,384
Optimizer AdamW
Training time ∼24–48 hours

RL

Training prompts 300K 250K
Rollouts per prompt 10
Temperature / top-p 1.05 / 0.95
Max prompt length 15,360
Max response length 128
Adoption weight λ 0.5 –
Abstention bonus δ 0.1 –
Reward function Full Reward EM
Training time ∼48–72 hours

Table 13: Training hyperparameters for PACE-SQL
with Qwen2.5-Coder-14B as the backbone. “–” marks
inapplicable settings: the open-source variant uses
only Rmatch during RL, as open-source corpora lack
user adoption signals, and thus has neither adoption
weight λ nor abstention bonus δ.

to align with a line boundary. This trains the
model to recover a syntactically complete snippet-
such as a full statement or loop block rather than
a truncated token slice. The pre-trained weights
are publicly released at https://github.com/
aixcoder-plugin/aiXcoder-7B.

K.2 StructureCoder-7B

StructureCoder (Ren et al., 2025) is trained on the
APPS training set (5,000 samples) and validated
on Qwen2.5-Coder-Instruct (1.5B / 3B / 7B). It
first applies AST-Enhanced FIM, extracting if /
for / while / function blocks via the Abstract Syn-
tax Tree as middle segments to build syntactically
clean and diverse FIM data. During the subse-
quent FIM-Enhanced DPO stage, the DPO loss
is confined to the middle segment to avoid penal-
izing correct prefix/suffix tokens, complemented
by a length-based curriculum from short to long
blocks for progressive difficulty. The pre-trained
weights are publicly released at https://github.
com/SenseLLM/StructureCoder.

K.3 FrugalCoder and Reproduction Details

The other two abstention-related works (Mozan-
nar et al., 2024; de Moor et al., 2026) are built

Stage Hyperparameter Industrial Open-Source

CPT

Training samples 900K 600K
Learning rate 2e-5
Epochs 2
Max seq length 16,384
Optimizer AdamW
Training time 29 hours

SFT

Training samples 300K 300K
Learning rate 2e-5
Epochs 2
Max seq length 16,384
Optimizer AdamW
Training time 27 hours

RL

Training prompts 300K 250K
Rollouts per prompt 10
Temperature / top-p 1.05 / 0.95
Max prompt length 15,360
Max response length 128
Adoption weight λ 0.5 –
Abstention bonus δ 0.1 –
Reward function Full Reward EM
Training time ∼72 hours

Table 14: Training hyperparameters for PACE-SQL
with DeepSeek-Coder-6.7B as the backbone. “–”
marks inapplicable settings: the open-source variant
uses only Rmatch during RL, as open-source corpora
lack user adoption signals, and thus has neither adop-
tion weight λ nor abstention bonus δ.

on proprietary internal codebases and release nei-
ther their training code nor their data-processing
pipelines, which prevents end-to-end reproduction
under a unified setting. We therefore reproduce
only FrugalCoder and align it with our method un-
der the same evaluation protocol.

Method. FrugalCoder (Sun et al., 2024) intro-
duces a lightweight completion quality estimator
into code completion systems. The estimator
scores each prompt and rejects it when the score
falls below a threshold, avoiding unhelpful sugges-
tions. We reproduce its best variant, ET, a small
encoder-only Transformer that reuses BERT to-
ken embeddings. Their code is released at https:
//github.com/v587su/FrugalCoder.

Reproduction Setup. We follow the original
data-construction recipe. Training prompts are
sampled from the same data used to train PACE-
SQL: WeSQL-1.5M for the internal evaluation
and OpenSQL-FIM for the open-source evalua-
tion. From each source, we draw 30K prompts,
matching the training-set size used in the origi-
nal FrugalCoder setup. For every prompt, the tar-
get completion model produces a candidate com-
pletion, and the BLEU score between this candi-
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date and the reference completion serves as the
prompt’s quality label. The estimator takes the
prompt tokens as input and is trained with a regres-
sion objective. All hyperparameters (learning rate,
batch size, number of epochs) follow the defaults
recommended in the original paper.

Two-Backbone Setup. To ensure a fair com-
parison, we reproduce FrugalCoder on two back-
bones, Qwen2.5-Coder-14B and DeepSeek-Coder-
6.7B. For each backbone, the candidate comple-
tions used to build the training labels are produced
by the backbone itself, and the same backbone
serves as the downstream completion model, en-
suring that the estimator is always matched to its
target model. When reporting results, we align the
number of retained (non-abstained) suggestions of
FrugalCoder with that of PACE-SQL, so that qual-
ity metrics such as Exact Match and execution ac-
curacy are not confounded by how many prompts
each method chooses to answer.

255



System Prompt

You are a SQL code completion engine specialized in Fill-in-the-Middle (FIM) tasks.

## Task Description
Given a SQL snippet split into two parts — a **prefix** (the SQL code before the missing section) and
a **suffix** (the SQL code after the missing section) — your job is to generate the **middle SQL
code** that logically and syntactically bridges the prefix and the suffix to form a valid, complete SQL
statement.

## Input Format
The user will provide input in the following structure:
```
<prefix>
{SQL code before the missing part}
</prefix>
<suffix>
{SQL code after the missing part}
</suffix>
```

## Output Format
- Return **ONLY** the middle SQL code that should be inserted between the prefix and the suffix.
- Do NOT include the prefix or suffix in your output.
- Do NOT wrap your output in markdown code fences or any other formatting.
- Do NOT include any explanation, commentary, or extra text.
- The generated middle code must follow correct SQL syntax (e.g., proper use of keywords, clauses,
functions, aliases, joins, subqueries, etc.) and seamlessly connect the prefix and suffix into a valid
SQL statement.

User Prompt

<prefix>{prefix}</prefix><suffix>{suffix}</suffix>

Figure 6: Prompt template used to evaluate closed-source LLMs on SQL FIM tasks.
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System Prompt

You are a reviewer for a SQL Fill-in-the-Middle (FIM) benchmark built from open-source SQL corpora.
Each sample contains:
- prefix p: text left of the cursor
- suffix s: text right of the cursor
- user_gt m: ground-truth middle

m == "" denotes a non-completion label, meaning no completion should be inserted at the cursor.
Your goal is to determine whether the sample should be kept in the benchmark.
The reviewer should prioritize removing severely noisy or unusable samples while remaining conservative about
discarding potentially valid labels.

============================================================
TASK FORMALIZATION
============================================================
label_type:
- "non_completion" iff m == ""
- "completion_required" iff m != ""

Verdict:
- accept: clean and label-consistent
- borderline: usable with moderate uncertainty or weak inconsistencies
- reject: severely noisy, malformed, or clearly label-inconsistent

Only rejected samples are removed.

============================================================
STAGE 1 — SEGMENT USABILITY REVIEW
============================================================
Assess whether p + s forms a usable SQL-centric segment.
A usable segment should:
- be predominantly SQL or SQL-related procedural code
- preserve meaningful cursor context
- avoid severe corruption or unrelated content

Chinese and English comments/string literals are allowed. Limited multilingual text may appear if the surrounding SQL
context remains usable.

Reject if any of the following strongly applies:
- G1: malformed, empty, or dominated by non-SQL noise
- G2: little SQL content and no meaningful cursor context
- G3: severe corruption, dumps, stack traces, binary-like content, unrelated programming languages, or repetitive filler
- G4: extensive natural-language content that substantially harms benchmark usability or consistency

Borderline if:
- mostly SQL but with moderate noise
- weak cursor context
- limited multilingual content
- partial corruption that does not destroy usability

Otherwise accept.
If Stage 1 returns reject, skip Stage 2.

============================================================
STAGE 2 — LABEL CONSISTENCY REVIEW
============================================================
Evaluate whether m is reasonably consistent with the cursor position.
The review should remain conservative about rejecting labels. When label correctness is uncertain but still plausible,
prefer accept or borderline over reject.

------------------------------------------------------------
2.1 Cursor-State Inference
------------------------------------------------------------

Infer the dominant cursor context near the FIM position.

Cursor states:
- c1 = blank_line: cursor on an empty or whitespace-only line
- c2 = after_comma: strip(p) ends with ","
- c3 = right_is_closer: s begins with a closing token such as ")", "]", "}", quote, or backtick
- c4 = at_eof: strip(s) is empty
- c5 = glued_between_tokens: cursor lies between two adjacent non-whitespace token characters
- c6 = after_semicolon: strip(p) ends with ";"
- c7 = other
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If multiple states apply, prefer the one most informative for judging completion plausibility.
Also consider nearby continuation signals such as incomplete SQL keywords, operators, unmatched open structures, and
comment/string boundaries.

------------------------------------------------------------
2.2 Non-completion Review (m == "")
------------------------------------------------------------
Accept if abstention is plausible, including cases such as:
- completed statements
- statement boundaries
- cursor before a closing token
- cursor inside comments or strings
- glued token positions
- weak or ambiguous continuation signals

Borderline if continuation appears somewhat likely but still ambiguous.

Reject only if:
- continuation is clearly required
- the cursor strongly implies a missing SQL continuation

------------------------------------------------------------
2.3 Completion-required Review (m != "")
------------------------------------------------------------
Accept if p || m || s forms a plausible SQL continuation.

Borderline if:
- continuation is parseable but weakly supported
- completion is unusually long
- mild overlap or dialect inconsistency exists
- local intent appears somewhat mismatched but still usable

Reject only if:
- completion causes severe structural inconsistency
- continuation is clearly unrelated to the surrounding SQL context
- m is effectively empty or non-content

============================================================
STAGE AGGREGATION
============================================================
Final verdict:
- reject: Stage 1 rejection or clear Stage 2 failure
- borderline: moderate uncertainty without severe failure
- accept: otherwise

keep = (verdict != "reject")

============================================================
OUTPUT FORMAT
============================================================
Return exactly one JSON object. No prose outside JSON.

{
  "noise_gate":"accept|borderline|reject",
  "noise_reasons":["<G1|G2|G3|G4>", ...],
  "cursor_state":"<c1|c2|c3|c4|c5|c6|c7>",
  "label_type":"non_completion|completion_required",
  "violations":["<short_reason>", ...],
  "soft_flags":["<short_reason>", ...],
  "verdict":"accept|borderline|reject",
  "keep":true|false,
  "rationale":"<=50 English words"
}

Constraints:
- exactly one JSON object
- no additional keys
- keep == (verdict != "reject")
- noise_reasons ⊆ {G1,G2,G3,G4}

Figure 7: Prompt used for LLM-as-a-judge filtering.
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