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Abstract

This work explores the optimization of Large
Language Models (LLMs) for the task of gen-
erating SQL queries from natural language
(NL2SQL), a critical capability for democra-
tizing access to domain-specific data. While
recent benchmarks show promising results for
LLMs, deployment in real-world analytical pro-
cessing requires strict adherence to SQL gram-
mar, deep domain understanding, and robust-
ness against out-of-scope queries. We present
a comprehensive study evaluating three stages
of optimization: (1) advanced prompting strate-
gies including Chain-of-Thought and multi-
turn conversational handling; (2) constrained
decoding to enforce syntactic validity; and
(3) Reinforcement Learning with AI Feedback
(RLAIF). We specifically compare Proximal
Policy Optimization (PPO), Direct Preference
Optimization (DPO), and Odds Ratio Prefer-
ence Optimization (ORPO) using a novel re-
ward modeling approach based on execution
and semantic principles. Our results reveal that
while standard PPO suffers from reward spar-
sity and catastrophic collapse on 7B models,
monolithic alignment via ORPO scales effi-
ciently to 20B parameter models. This provides
a stable alternative to expensive inference-time
scaling, offering a highly reproducible, single-
pass pipeline for adapting open-weights mod-
els to complex data environments, serving as a
low-latency alternative to agentic systems.

1 Introduction

The transformation of Natural Language Queries
(NLQs) into Structured Query Language (SQL) is a
pivotal challenge in data management. It promises
to simplify database interactions for non-technical
users, democratizing access to data-driven insights.
As conversational agents become central to busi-
ness intelligence, the ability to reliably converse
with data warehouses without knowledge of SQL
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syntax is increasingly critical (Li et al., 2023a).
Achieving this vision of robust Conversational Data
Analytics (CDA) requires a paradigm shift towards
systems that can consistently produce verifiable an-
alytical insights through dynamic natural language
interfaces (Amer-Yahia et al., 2025). Such robust
natural language interfaces are particularly crucial
when non-technical end-users need to explore and
run similarity matches against complex, inherently
noisy real-world records, such as uncertain tempo-
ral and sensor data (Dallachiesa et al., 2011).

However, translating natural language to SQL
presents unique challenges compared to general
code generation. It requires strict adherence to
database schemas, disambiguation of user intent
based on domain knowledge, and the ability to pri-
oritize among multiple high-confidence candidate
queries. While LLMs have emerged as the state-of-
the-art solution, standard models frequently suffer
from generating plausible but incorrect queries and
struggle with the strict syntactic constraints of SQL
dialects (Li et al., 2024). To mitigate this and en-
sure high user trust, recent advances emphasize the
importance of black-box uncertainty quantification
(UQ) to accurately estimate confidence in gener-
ated SQL and general question answer (QA) out-
puts (Bhattacharjya et al., 2024; Xiao et al., 2025;
Bhattacharjya et al., 2025).

For instance, a user might ask "Who was the best-
selling artist when I was born?" without providing
their age. The model must infer the missing context
and map "best-selling" to specific schema columns,
which often leads to errors in unoptimized models.

The landscape of Text-to-SQL has shifted from
a translation task to a complex reasoning chal-
lenge. Current methodologies generally fall into
two camps: inference-time scaling (agentic work-
flows) and training-time alignment. Agentic sys-
tems like Agentar-Scale-SQL (Wang et al., 2025b)
and MAC-SQL (Wang et al., 2025a) leverage mas-
sive test-time computation, employing multiple



agents to decompose questions and iteratively re-
pair errors. While highly accurate, these systems
suffer from high latency and cost, making them
difficult to deploy in real-time analytical settings.

In this work, we present an empirical study eval-
uating the spectrum of optimization techniques,
moving from lightweight inference-time controls to
comprehensive training-time alignment. Our goal
is to identify how to internalize reasoning capa-
bilities directly into the model weights to produce
correct SQL efficiently in a single pass. We struc-
ture our investigation into three stages: First, we
investigate prompt engineering strategies, analyz-
ing the trade-off between complex reasoning chains
and instruction-following capabilities in mid-sized
models. Second, we explore constrained decoding
to enforce strict syntactic correctness during gen-
eration. Finally, we apply Reinforcement Learning
with AI Feedback (RLAIF) to align models with
execution and semantic preferences. In alignment
with the goal of reproducible NLP, we offer a criti-
cal analysis of why standard PPO collapses in this
domain and how ORPO provides a more stable,
resource-efficient, and easily replicable alternative.

2 Related Work

Natural Language to SQL (NL2SQL) translation is
an interdisciplinary field bridging linguistics and
database management. Early systems relied on
rule-based approaches with handcrafted grammat-
ical rules (Warren and Pereira, 1982). Later sys-
tems utilized database schemas and indices to map
NL queries to graph representations of relations
(Hristidis et al., 2003). With improved parsers, the
standard shifted to mapping grammatical structures
of the input question to SQL queries. However,
these systems struggled with the ambiguity and
variability of real-world queries.
Deep Learning and LLMs. The advent of the
Transformer architecture (Vaswani et al., 2017)
and large datasets like Spider (Yu et al., 2018)
marked the beginning of deep-learning NL2SQL
systems. Sequence-to-Sequence (Seq2Seq) mod-
els enabled breakthroughs, but modern decoder-
only LLMs such as CodeLlama (Roziere et al.,
2023) and Granite (Mishra et al., 2024) have since
become dominant. These models undergo exten-
sive pre-training on code and text but require fine-
tuning for domain specificity. To reduce com-
putational costs, Parameter-Efficient Fine-Tuning
(PEFT) methods like LoRA (Hu et al., 2022) and

quantization (Hubara et al., 2018) are employed.

Prompting and Agents. A crucial factor in har-
nessing LLMs lies in prompting. Pourreza and
Rafiei (Pourreza and Rafiei, 2023) introduced DIN-
SQL, demonstrating that decomposing the genera-
tion task into schema linking, query classification,
and generation significantly improves performance.
Recent in-depth analyses further confirm that ro-
bust LLM-based schema linking is a critical driver
of overall NL2SQL accuracy, often requiring care-
ful prompting or decomposition to match or exceed
oracle representations (Katsogiannis-meimarakis
et al., 2026). However, recent work suggests that
complex prompting strategies can induce "halluci-
nation propagation" in CoT (Li et al., 2024), where
errors in early reasoning steps cascade into the
final query. This led to the rise of agentic work-
flows (CHASE-SQL (Pourreza et al., 2025a) and
Mac-SQL (Wang et al., 2025a)), which use itera-
tive refinement and multi-agent debate to correct
errors.

Alignment and Reinforcement Learning. Re-
inforcement Learning from Human Feedback
(RLHF) (Christiano et al., 2017; Ziegler et al.,
2019) became the standard for aligning LLMs.
However, collecting human preference data for
SQL is expensive and requires domain expertise.
While prior work investigated active learning strate-
gies to mitigate these heavy annotation costs in
specialized domains (Wertz et al., 2022), eventu-
ally optimizing them with reinforcement learning
(Wertz et al., 2023), RLAIF (Bai et al., 2022) offers
a highly scalable alternative by substituting human
annotators entirely with AI feedback.

PPO has been the engine of RLHF, however,
recent findings indicate it is notoriously unstable
for code generation due to reward sparsity (Pour-
reza et al., 2025b). Direct Preference Optimization
(DPO) (Rafailov et al., 2023) and Odds Ratio Pref-
erence Optimization (ORPO) (Hong et al., 2024)
offer more stable alternatives. ORPO, in particular,
excels in scenarios with class imbalance (valid vs.
invalid queries), making it a promising candidate
for monolithic alignment in NL2SQL.

3 Methodology: Inference Optimization

We first explore inference-time optimizations to
guide LLMs toward correct SQL generation with-
out updating model weights.



3.1 Prompt Tuning Strategies

Prompt tuning is essential for focusing the model
on the specific task of SQL translation. As base-
lines, we utilize Simple Generation, which pro-
vides a zero-shot instruction alongside the database
schema, and Schema-linking (SLink), which explic-
itly prompts the model to identify relevant tables
and columns before writing the query. We evaluate
several strategies:

3.1.1 Self-Correction with Error Feedback

Building on simple generation, we implement a
feedback loop where the LLM is prompted to fix
its own errors. If an initial generated query returns
a database error (e.g., "column does not exist"), the
error message and the schema are fed back into the
model with a correction instruction. We utilize a
specific mapping of error messages to instructions,
as shown in Table 1.

Table 1: Mapping from database error messages to spe-
cial correction instructions used in our pipeline.

Error Message Special Instruction

column does not exist Replace the column that does not
exist with an existing one from the
Database_schema.

ambiguous column
name

Add the table specifier to the col-
umn reference that is ambiguous.

operator does not exist:
[...] = [...]

The query tries to join two ta-
bles on columns with different
datatypes. Restructure the JOIN
using provided Foreign_keys.

missing FROM-clause
entry

The SQL uses tables without
declaring them in the FROM
clause. Add them.

3.1.2 Chain-of-Thought (CoT)

We apply the approach described by Pourreza and
Rafiei (Pourreza and Rafiei, 2023) (DIN-SQL), de-
composing the task into: (1) Schema Linking, (2)
Query Classification (Easy, Nested, Non-Nested),
and (3) Generation based on the class. While effec-
tive for large models like GPT-4, we investigate its
efficacy on smaller open-source models (7B-34B
parameters).

3.2 Conversational Strategies

Real-world analytics involves multi-turn conversa-
tions where subsequent questions specify or con-
tradict previous ones. We evaluate three strategies:

• Full Context: Concatenating all previous ques-
tions and generated SQL queries.

• Questions Only: Concatenating only the his-
tory of natural language questions to avoid
biasing the model with potentially incorrect
previous SQL.

• Merge Questions: A two-step process where
the LLM first merges the conversation history
into a single standalone question (resolving
coreferences) and then generates SQL from
that merged question.

3.3 Constrained Decoding

To eliminate syntax errors, we apply constrained
decoding using a context-free grammar (CFG) de-
rived from the database schema. We adapt the
T5QL approach (Arcadinho et al., 2022). Similar
constrained generation and fine-tuning frameworks
have recently proven highly effective in related
structured generation tasks, such as strictly enforc-
ing syntax and schema adherence when integrating
complex enterprise API workflows from natural
language (Chan et al., 2024). During beam search,
for a current generation P , we calculate the set of
valid next tokens N∗ that satisfy SQL syntax and
schema constraints (e.g., only valid table names
after FROM).

The procedure is detailed in Algorithm 1. For
each decoding step, given the current generation
P , we find the maximum parsable prefix P ∗ and
filter the vocabulary to only allow tokens that form
a valid suffix in the Trie T of allowable SQL
constructs. Crucially, while the base grammar
is context-free, our adaptation for auto-regressive
LLMs incorporates context-aware decision making.
Specifically, the FilterWrongTokens function
constrains the generation by strictly allowing only
the generation of columns that have been explicitly
defined in the prior FROM statement, and by map-
ping table aliases back to their original tables to
prevent hallucinated references.

4 Methodology: Alignment via RLAIF

To align models with SQL execution accuracy, we
employ Reinforcement Learning with AI Feedback
(RLAIF). Our pipeline, visualized in Figure 1, re-
places human annotators with AI judges to scale
the alignment process.

4.1 Reward Modeling and Principles

We construct a preference dataset by prompting
multiple LLMs (CodeLlama-34B, Granite-20B,
Starcoder) to generate candidate SQL queries.



Algorithm 1 Constrained Decoding Procedure

1: procedure NEXTTOKEN(P, T )
2: P ∗ ← FindParsablePrefix(P )
3: S ← GetParserState(P ∗)
4: N ← ParserNextTokens(S)
5: N∗ ← FilterWrongTokens(S,N)
6: for n in N∗ do
7: C ← P ∗ + n
8: CT ← SentenceTokenizer(C)
9: T ← AddToTrie(T,CT )

10: end for
11: PT ← SentenceTokenizer(P )
12: return GetChildren(T, PT )
13: end procedure

Figure 1: Our RLAIF Training Pipeline. We generate
candidate queries using multiple LLMs, rank them using
execution and semantic principles, and use the resulting
triplets for DPO, PPO, and ORPO training.

These candidates are scored based on two cate-
gories of principles:

Execution Principles Validated by executing the
query against the database engine. These are binary
signals that ensure functional correctness:

• Correctness: Does the query return the same
result set as the gold standard?

• Schema Validity: Are all columns and tables
present in the schema?

• No Ambiguity: Are column references unam-
biguous?

Semantic Principles Validated by a "Teacher
LLM" (CodeLlama-70B) prompted to act as a SQL
expert. These provide finer-grained feedback on
query quality, using specific prompts tailored to
common SQL errors. For example:

• Correct GROUP BY: "Read the question and
the corresponding SQL, determine if the ques-
tion calls for a GROUP BY or not and if the
SQL is accurate for that."

• Only Necessary Joins: "Check that the query
only accesses tables necessary to answer the
question."

• Answer Relevance: "Check if the SQL really
answers the intent of the question."

• Correct DISTINCT: "Check that DISTINCT
is applied if necessary to avoid duplicates."

We generate triplets of
(Question,Winner, Loser) based on these
scores. A query is considered a "Winner" if it
satisfies more principles, particularly the Execution
Correctness principle.

We create two preference datasets: the "Multi-
LLM" dataset utilizes generated SQL from
eight distinct models, while the "Single-LLM"
dataset samples multiple outputs exclusively from
CodeLlama-70B. For the Single-LLM dataset, the
temperature was tuned so that roughly one in eight
generated queries was correct, controlling the bal-
ance of variation and correctness.

4.2 Reward Model Loss Function
To enable PPO, we first train a Reward Model (RM)
to predict a scalar score for a query. We fine-tune a
CodeLlama-34B model with a scoring head. The
loss function maximizes the margin between the
score for the good query (ygood) and the bad query
(ybad):

L(ygood, ybad) = max(0,m−(ygood−ybad)) (1)



where m is the margin. We experimented with
both a single linear layer and an MLP as the scoring
head. The linear layer proved superior, achieving
94% accuracy on the test split, whereas the MLP
suffered from overfitting on the sparse SQL prefer-
ence data.

4.3 Distribution of Rewards
To ensure the reward model discriminates effec-
tively, we analyzed the distribution of scores for
generated queries. Figure 2 shows the score distri-
bution for correct (green) vs. incorrect (red) queries
on the Single-LLM dataset. The clear separation
indicates that the reward model successfully learns
to distinguish valid SQL logic from incorrect at-
tempts. While the reward model sometimes assigns
positive absolute scores to incorrect queries, our op-
timization objectives rely primarily on the relative
margin between the winning and losing genera-
tions, making the absolute scale less critical to the
policy update.
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Figure 2: Reward Distributions on the test set. Green
bars represent correct SQL queries, while red bars repre-
sent incorrect ones. The clear separation demonstrates
the effectiveness of the reward model.

4.4 Alignment Algorithms
We evaluate three optimization algorithms using
this dataset.
(1) PPO (Proximal Policy Optimization). We
fine-tune the policy using PPO to maximize the
reward predicted by the RM. The Reward Model
training procedure (Algorithm 2) updates the scor-
ing head using a margin loss. Subsequently, we use
this frozen Reward Model to fine-tune the policy
using PPO.

LCLIP (θ) = Et

[
min

(
rt(θ)Ât,

clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)] (2)

Algorithm 2 Reward Model Training Procedure

Require: Model to fine-tune M , Reward Model
R, margin m

1: while training do
2: Load question Q, schema S, correct query

qcorrect, and incorrect query qincorrect
3: Generate prompt pcorrect =

CreatePrompt(Q,S, qcorrect).
4: Generate prompt pincorrect =

CreatePrompt(Q,S, qincorrect).
5: sgood = R(pcorrect).
6: sbad = R(pincorrect).
7: L(sgood, sbad) = max(0,m − (sgood −

sbad))
8: Update M using the gradient of the loss L.
9: end while

(2) DPO (Direct Preference Optimization). DPO
optimizes the policy directly from preference pairs,
eliminating the explicit reward model.

LDPO = −E(x,yw,yl)

[
log σ

(
β log

πθ(yw|x)
πref (yw|x)

− β log
πθ(yl|x)
πref (yl|x)

)]
,

(3)

where πθ is the policy model, πref is the frozen
reference model, and yw, yl are the winning and
losing generations, respectively.
(3) ORPO (Odds Ratio Preference Optimiza-
tion). Odds Ratio Preference Optimization
(ORPO) integrates preference alignment into the
Supervised Fine-Tuning (SFT) stage. It adds an
odds-ratio penalty to the negative log-likelihood
loss:

LORPO = E(x,yw,yl)[LSFT + λ · LOR] (4)

This method is particularly resource-efficient as it
requires no separate warm-up phase or reference
model, unlike inefficient agentic workflows.

5 Experimental Setup

5.1 Datasets
We evaluate our methods on the Spider (Yu et al.,
2018) and BIRD (Li et al., 2023a) benchmarks, as
well as a proprietary IBM Business Intelligence
(IBM BI) dataset. BIRD represents a large-scale
challenge with databases containing noisy data and



massive schemas. To illustrate the domain com-
plexity, Figure 3 shows the schema sizes in these
benchmarks. BIRD databases contain significantly
more tables than Spider.

Accurately matching natural language men-
tions to complex, interconnected database schemas
is fundamentally an entity matching and record
linkage problem—challenges that have histori-
cally required dedicated graph-based modeling
(Krivosheev et al., 2021, 2023) or specialized token-
based similarity matching architectures (Mirylenka
et al., 2021) to overcome noisy string variations and
capture relational context. Across all benchmarks,
we use Execution Accuracy as our primary metric,
which considers a generated query correct if its ex-
ecution returns the exact same rows and columns
as the gold query. The IBM BI dataset consists
of 101 multi-turn conversations where subsequent
user questions specify or contradict previous ones.

5.2 Baselines and Models

We benchmark against several competitive 7B–34B
parameter models to evaluate the impact of our
optimization strategies:

• CodeLlama-34B-Instruct (Roziere et al.,
2023): A powerful general-purpose code
model used as our primary baseline for
prompting experiments.

• Granite-20B-Code (Mishra et al., 2024): An
enterprise-focused code model from IBM, se-
lected for its strong performance on SQL.

• StarCoder (Li et al., 2023b): A 15B parameter
model trained on diverse code data, serving
as a baseline for the multi-model preference
dataset generation.

• SQLCoder-34B (defog ai, 2024): A special-
ized fine-tuned model for SQL, used to bench-
mark our constrained decoding approach.

5.3 Training Configuration

For fine-tuning, we utilized 8x NVIDIA A100
80GB GPUs. We employed the SFTTrainer from
TRL and leveraged DeepSpeed ZeRO-3 for dis-
tributed training. Specific hyperparameters (e.g.,
LoRA configuration, learning rates, and batch
sizes) are detailed in Appendix B.

6 Experiments and Results

6.1 Prompting and Error Analysis

Table 2 presents the accuracy of different prompt-
ing strategies. Notably, on the IBM BI dataset,

the simpler "Self-Correction" (SCorr) strategy out-
performed the complex "DinSQL" strategy on
CodeLlama-34B (0.327 vs 0.168).

To understand why complex prompting failed
for smaller models, we analyzed the error types.
Figure 4 provides a side-by-side comparison. In
the Simple Generation (Left Subfigure): The er-
rors are distributed among logical issues like "more
rows than necessary" and "not all rows". For the
DinSQL (right subfigure): There is a massive spike
in "No Such Column" errors (hallucinations). This
indicates that the complex reasoning chain of Din-
SQL distracted the smaller model from the schema
grounding, causing it to invent columns rather than
focusing on the provided schema.

Table 2: Accuracy of prompting on IBM BI, Spider, and
BIRD dev sets. Acronyms: Gen (Simple Generation),
SCorr (Self-Correction), SLink (Schema-linking), and
DinSQL (Decomposed In-Context Learning).

Model Dataset Gen SCorr SLink DinSQL

CodeLlama-34B IBM BI 0.317 0.327 0.297 0.168
CodeLlama-34B Spider 0.707 0.714 0.700 0.668
Granite-20B Spider 0.615 0.671 0.534 0.540

6.2 Conversational Analysis
In our multi-turn experiments (Table 3), providing
the ground truth SQL from previous turns signifi-
cantly aids the model. Here, the "Merge Questions"
strategy proved most robust (Accuracy 0.473), as it
reduces noise by synthesizing a clean, standalone
query. However, when the model relies on its own
predicted SQL, error propagation causes perfor-
mance to degrade rapidly. In this realistic deploy-
ment setting, "Full Context" slightly outperforms
"Merge Questions" (0.139 vs 0.122), suggesting
that forcing the model to merge its own error-prone
historical queries degrades the context more than
simply concatenating the raw history.

Table 3: Average accuracy on IBM BI multi-turn con-
versations.

Context Source Method Avg Accuracy

Ground Truth SQL Full Context 0.353
Ground Truth SQL Merge Questions 0.473
Predicted SQL Full Context 0.139
Predicted SQL Merge Questions 0.122

6.3 Constrained Decoding Performance
To evaluate the impact of restricting the output
space, we tested our constrained decoding algo-
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Figure 3: Distribution of the number of tables per database in Spider and BIRD. BIRD contains significantly larger
schemas, increasing the difficulty of the generation task.

rithm using defog/sqlcoder (defog ai, 2024) on
the IBM BI dataset. We created a context-free
grammar (CFG) from the schema to restrict the out-
put space, ensuring valid SQL syntax and correct
usage of table and column names. Due to the high
computational overhead of context-aware filtering
during beam search, we limited decoding to two
beams. Nevertheless, the decoding process took
approximately 10x longer for the same amount of
tokens compared to unconstrained generation.

Table 4: Primary Impact of Constrained Decoding on
SQL generation (IBM BI Dataset). "Row Correct" indi-
cates the query returned the correct rows but a super/-
subset of the required columns.

Result Category Unconstrained Constrained

Correct 7 12
Row Correct 33 37
Incorrect 46 17
Error 15 35

Accuracy 0.069 0.119

As shown in Table 4, applying the CFG im-
proved exact execution accuracy from 6.9% to
11.9%, and subset accuracy (Row Correct) from
39.6% to 48.5%. However, counter-intuitively, the
constrained model produced more than twice the
amount of SQL errors (35 vs. 15), primarily driven
by Syntax Errors and Ambiguous Columns. A de-
tailed quantitative breakdown of these error types,
along with a qualitative analysis of the failure
modes, is provided in Appendix A. Briefly, while
the CFG successfully restricts syntax, it struggles
to force the model to output an End-Of-Sequence

(EOS) token when logical reasoning fails.

6.4 RLAIF Training Stability and PPO
Failure

Note on Evaluation Setup: Due to the immense
computational requirements of reinforcement learn-
ing, our PPO and DPO experiments were con-
ducted on the 7B parameter CodeLlama model us-
ing the Spider dataset. Conversely, our monolithic
ORPO experiments were scaled up to the Granite-
20B model on the more complex BIRD benchmark.
While this prevents a direct 1:1 numerical compari-
son across all methods, the distinct failure modes
of PPO and DPO at the 7B scale provide critical
context for the necessity of the ORPO approach.

Table 5: Consolidated alignment results highlighting
the performance of PPO, DPO, and ORPO compared to
their respective base models. Note that PPO and DPO
were evaluated on CodeLlama-7B (Spider) while ORPO
was scaled to Granite-20B (BIRD).

Algorithm Model Dataset Base Acc. Aligned Acc.

PPO (Multi LLM) CodeLlama-7B Spider 0.460 0.000
PPO (Single LLM) CodeLlama-7B Spider 0.460 0.000
DPO (Multi LLM) CodeLlama-7B Spider 0.460 0.030
DPO (Single LLM) CodeLlama-7B Spider 0.460 0.360

ORPO Granite-20B BIRD (Avg) 0.651 0.646

Our experiments revealed significant challenges
with PPO in the SQL domain. When fine-tuning 7B
models with PPO, we frequently observed model
collapse, characterized by the generation of repet-
itive gibberish or empty strings. This instability
arises from the sparsity of the reward signal: in
NL2SQL, the execution reward is binary (correc-
t/incorrect). Unlike prose generation where “style”



(a) Errors in Simple Generation (b) Errors in Complex Prompting

Figure 4: Comparison of error types on Spider Dev. The complex DinSQL strategy (Right) introduces significantly
more "no such column" hallucinations compared to simple generation (Left), indicating that smaller models struggle
with long context chains.

rewards are dense, a SQL query that is 99% correct
but misses a single comma receives a reward of 0.

We conducted a sensitivity analysis on PPO
batch sizes to mitigate this (Table 6). We found
that PPO is extremely sensitive to batch size; with
a batch size of 1, the model learned nothing (Ac-
curacy 0.0), whereas increasing the batch size to
32 stabilized the training slightly (Accuracy 0.42),
though still below supervised baselines.

Table 6: Sensitivity of PPO training to batch size. Small
batch sizes lead to total collapse due to sparse rewards.

Batch Size Final Accuracy

1 0.00
8 0.01

32 0.42
64 0.22

In contrast, DPO and ORPO showed much
greater stability without extensive hyperparame-
ter tuning. Figure 5 visualizes the training loss and
accuracy for the DPO approach on the Single-LLM
dataset. The smooth convergence of accuracy (blue
line) demonstrates that the model effectively learns
from the AI-generated preference pairs.

Additionally, we monitored the reward margin
during training. Figure 6 shows the margin between

Figure 5: Training dynamics. The red dashed line repre-
sents loss (right axis) and the blue solid line represents
accuracy (left axis) during fine-tuning. The model con-
verges stably.

chosen and rejected responses. The positive trend
confirms that the model is successfully optimizing
for the principles defined in our RLAIF pipeline.

6.5 ORPO Results

During evaluation, both the Base SFT and ORPO
models were tested using the Simple Generation
zero-shot prompt. On the BIRD benchmark (Table
7), we observed a nuanced trade-off. ORPO led to a
slight decrease in accuracy on "Simple" and "Mod-
erate" queries, resulting in a minor drop in over-
all average accuracy (from 0.651 to 0.646). How-



Figure 6: Evolution of the Reward Margin during train-
ing. The increasing margin indicates the model is learn-
ing to distinguish between high-quality and low-quality
SQL generations.

ever, ORPO significantly improved performance
on "Challenging" queries (from 44.4% to 47.2%).
Thus, while monolithic preference optimization
may introduce slight regression on basic syntax
following, it effectively aligns the model with com-
plex logical reasoning without suffering from the
catastrophic instability observed in PPO.

Due to computational constraints, these metrics
represent single-run results. Future work will eval-
uate variance across multiple training seeds to es-
tablish the statistical significance of the gains.

Table 7: Accuracy results on BIRD Development Set
categories using ORPO.

Method Simple Moderate Challenging Average

Base SFT 0.715 0.589 0.444 0.651
ORPO 0.704 0.585 0.472 0.646

7 Discussion

Our findings challenge the assumption that stan-
dard RLHF methods transfer seamlessly to code
generation. The sparsity of the reward signal in
SQL makes PPO training unstable. ORPO offers
a compelling alternative by integrating alignment
into the supervised training process.

We observed that Reward Models trained on data
generated by multiple LLMs (Multi-LLM) failed
to generalize when scoring the Single-LLM dataset
during training. This suggests that for RLAIF to
function effectively, the Reward Model should be
trained on the distribution of the specific model
being fine-tuned, or a highly diverse set of models.

In RLHF for text generation, rewards are often
dense (e.g., style, tone). In SQL, the reward is

sparse and binary (executable vs. not). DPO strug-
gles with "credit assignment"—if a model gener-
ates a wrong SQL query, DPO penalizes the entire
sequence. Without Chain-of-Thought traces to in-
dicate where the reasoning failed, the model cannot
learn effectively. ORPO mitigates this by balancing
the odds ratio, effectively focusing on the differen-
tiation between valid and invalid patterns without
requiring an explicit reward model.

The trade-off between complex prompting (Din-
SQL) and simpler self-correction suggests that for
deployment on mid-sized models (20B-34B param-
eters), simpler, iterative strategies are more robust.
Complex chains of thought can overwhelm the at-
tention mechanism of smaller models, leading to
hallucinations of schema elements.

8 Conclusion and Future Work

This work presents a holistic view of optimiz-
ing LLMs for NL2SQL. We identified that for
domain-specific applications, lightweight align-
ment via ORPO combined with robust self-
correction prompting yields an effective balance
of performance and reliability. While our com-
putational limits restricted PPO evaluations to 7B
models—where we observed severe instability due
to sparse binary rewards—ORPO demonstrated sta-
ble scaling to 20B parameters, effectively improv-
ing complex logical reasoning without catastrophic
collapse. Our error analysis revealed that complex
Chain-of-Thought prompting can be detrimental
for smaller models, inducing hallucinations. Fi-
nally, we demonstrated that RLAIF using execu-
tion and semantic principles is a promising path
to alignment without expensive human annotation.
While this approach champions reproducible NLP
by bypassing closed-source LLM judges or costly
multi-agent deployments, future work must estab-
lish the correlation between our AI-generated se-
mantic feedback and expert human judgments to
fully validate the teacher model’s efficacy.

Future work will focus on scaling ORPO to
larger distributed models and further refining auto-
mated reward signals for RLAIF. Specifically, we
aim to explore hybrid approaches that combine the
stability of ORPO with the reasoning capabilities
of agentic workflows, potentially using "partial re-
wards" for intermediate reasoning steps to address
the sparsity issue inherent in SQL generation.
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A Constrained Decoding Error Analysis

When evaluating constrained decoding (Section
3.3), we observed an overall improvement in exe-
cution accuracy but a counter-intuitive spike in the
total volume of SQL errors generated by the model.

Table 8 provides a detailed quantitative breakdown
of these specific error types.

Table 8: Detailed breakdown of SQL error types gener-
ated during unconstrained vs. constrained decoding on
the IBM BI Dataset.

Error Type Unconstr. Constr.

Undefined Column 11 10
Ambiguous Column 0 8
Undefined Table 3 2
Undefined Function 1 5
Syntax Error 0 9
Division by Zero 0 1

The most significant increases occurred in Syn-
tax Errors (9 vs 0) and Ambiguous Column errors
(8 vs 0) compared to unconstrained generation. An-
alyzing the raw generated queries reveals that the
Syntax Errors predominantly stem from queries
being cut off by the maximum output length thresh-
old.

Consider the following two examples of failed
constrained generations:
-- Example 1: Repetition Loop
SELECT product_id , manufacturer , COUNT(

duns_number) AS c FROM tls.inventory
GROUP BY product_id , product_id ,

product_id , product_id , product_id ,
[...]
product_id , product_id , product_id ,

product_id , product

-- Example 2: Runaway WHERE Clause
SELECT tls.client_site.client_name FROM

tls.client_site JOIN tls.inventory
ON tls.client_site.duns_number = tls.

inventory.duns_number WHERE
tls.client_site.coverage_type = ’Data

Center ’ AND
tls.client_site.coverage_name = ’Data

Center ’ AND
tls.client_site.market = ’US’ AND tls.

client_site.geo = ’US’
[...]
tls.client_site.global_buying_group_id

IS NOT NULL AND
tls.client_site.global_buying_group_name

IS NOT NULL AND
tls.client_site.domestic_buying_group_id

IS NOT NULL AND

In the first example, the constrained LLM gets
trapped in a repetitive generation loop. In the sec-
ond example, it appends an excessive number of un-
necessary conditions to the WHERE clause. In both
scenarios, the constraining algorithm appears to
reduce the probability of the EOS token relative to
other valid SQL tokens. Because our context-free
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grammar strictly constrains the output syntactically
but not semantically, we cannot forcefully trigger
an EOS token to terminate the sequence once the
logical intent has been satisfied.

Similarly, "Undefined Column" errors persist be-
cause our constrained decoding algorithm does not
currently enforce that the tables for all columns
mentioned in the SELECT clause must eventually
be included in the FROM or JOIN clauses. Fi-
nally, the "Ambiguous Column" errors generated
by the constrained model stem from the fact
that the algorithm does not strictly enforce the
<table_name>.<column_name> notation within
JOIN conditions, allowing the LLM to generate
ambiguous references when multiple tables share
identical column names.

B Fine-tuning Hyperparameters

Specific training hyperparameters included:

• LoRA: Rank r = 16, Alpha a = 8, Dropout
0.05.

• Optimizer: AdamW with weight decay 0.1.

• Learning Rate: 1e− 5.

• Batch Size: 16 with Gradient Accumulation
Steps of 16.

• Max Input Tokens: 8192 (8k context win-
dow).

• Epochs: Models were typically trained for
1 to 3 epochs, with early stopping based on
validation loss to prevent overfitting.
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