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Abstract

Text-to-SQL models may exhibit recurring er-
ror generation patterns that are reproducible
under a fixed model and difficult to elimi-
nate through continued training. Existing ap-
proaches either perform post-hoc correction at
the output level or require access to the tar-
get domain’s training data for preference opti-
mization, neither of which directly targets these
reproducible local decision tendencies. To ad-
dress these limitations, we propose Targeted
Token-level Unlearning for SQL (TTU-SQL),
a machine-unlearning-based framework that
uses a probe dataset to detect and correct sys-
tematic errors without requiring access to the
model’s original training data. The framework
comprises three components: (1) AST-based
token-level divergence detection that precisely
localizes erroneous decision points; (2) a tar-
geted error-type extraction procedure that se-
lects three specific types of forgettable errors
based on AST divergence and logit-level be-
havior; and (3) Part-NPO, which applies nega-
tive preference optimization only to localized
divergence tokens to suppress erroneous con-
tinuations while preserving useful SQL genera-
tion knowledge. Across the Spider and BIRD
datasets and all evaluated model backbones,
TTU-SQL yields consistent execution-accuracy
gains over equal-budget training-based repair
baselines.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable progress on the Text-to-SQL task. Super-
vised fine-tuning on large-scale Text-to-SQL cor-
pora enables open-source models to acquire strong
SQL generation capabilities (Li et al., 2025). How-
ever, a widely overlooked fact is that models may
learn not only correct SQL generation patterns
during training, but also recurring erroneous
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Figure 1: Motivation of TTU-SQL. (a) Distribution of
systematic error patterns on Spider Dev using DeepSeek-
R1-Distill-Qwen-7B. (b) Comparison between TTU-
SQL and existing Text-to-SQL improvement paradigms.

generation tendencies (Chen et al., 2024; Qu et al.,
2025). As shown in Figure 1(a), errors are concen-
trated in a small number of systematic categories
rather than being uniformly distributed. This con-
centration suggests that many Text-to-SQL failures
are structured and repeatable rather than isolated
decoding noise, making them amenable to targeted
unlearning.

Prior work has explored Text-to-SQL model er-
rors from multiple angles. Error correction meth-
ods (Li et al., 2024c; Chen et al., 2024) operate at
the output level without modifying model param-
eters. Schema linking methods (Song et al., 2025;
Li et al., 2023a) focus on input comprehension
rather than generation biases. Preference optimiza-
tion (Rafailov et al., 2023) updates model behavior,
but typically requires distribution-matched paired
supervision and does not explicitly target recurring
SQL error patterns. As summarized in Figure 1(b),
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existing paradigms either operate externally, re-
quire paired and distribution-matched supervision,
or do not directly repair internal error generation
tendencies. In contrast, TTU-SQL aims to sup-
press systematic error patterns at the parame-
ter level without requiring access to the model’s
original training corpus.

Through empirical investigation, we observe that
some Text-to-SQL errors cannot be fully explained
by missing task knowledge alone. Erroneous pre-
dictions often contain substantial correct SQL struc-
ture before diverging at a localized decision point.
This suggests that useful partial generation behav-
ior may coexist with locally dominant erroneous
continuations. Such errors are difficult to repair
through uniform likelihood maximization over gold
SQL outputs, motivating a post-hoc repair strat-
egy that directly targets recurring erroneous con-
tinuations while preserving useful SQL generation
knowledge.

Based on this motivation, we propose Targeted
Token-level Unlearning for SQL (TTU-SQL), a
post-training parameter-level repair framework for
eliminating systematic Text-to-SQL error patterns.
As illustrated in Figure 2, TTU-SQL follows a
diagnose–locate–unlearn–recover procedure orga-
nized into three modules. First, the model is
adapted to and diagnosed on a labeled probe dataset
to expose recurring errors. Second, AST-based
divergence detection localizes the first erroneous
decision point, and logit-level analysis extracts spe-
cific forgettable error types. Third, Part-NPO sup-
presses the localized erroneous token, followed by
recovery SFT to restore fluent and correct SQL
generation. Our main contributions are as follows:

• We formulate systematic Text-to-SQL errors as
localizable and forgettable generation tendencies,
extending machine unlearning from instance-
level data removal to post-hoc repair of recurring
model errors.

• We propose TTU-SQL, a targeted token-level un-
learning framework that combines AST-based
divergence detection, extraction of three spe-
cific forgettable error types, and Part-NPO se-
lective unlearning without requiring access to the
model’s original training corpus.

• We evaluate TTU-SQL on Spider and BIRD
across two model families, showing that it consis-
tently improves over equal-budget training-based

repair baselines and remains complementary to
inference-time enhancement methods.

2 Related Work

2.1 Text-to-SQL with Large Language Models

Text-to-SQL has long been studied as a structured
semantic parsing problem. Early neural approaches
generate SQL with sequence-to-sequence models
or explicitly encode relations between question to-
kens and database schema elements (Zhong et al.,
2018; Wang et al., 2020). Recent work has in-
creasingly shifted toward large language models,
improving Text-to-SQL performance through ei-
ther inference-time enhancement or task-specific
adaptation.

Inference-time methods improve the genera-
tion process without modifying model parameters.
Schema-centric methods strengthen schema link-
ing or schema grounding by pruning irrelevant
schema elements, encoding schema relations, or
resolving entity-value mismatches (Li et al., 2023a;
Song et al., 2025). Prompting-based methods de-
compose Text-to-SQL generation into intermediate
reasoning steps or select demonstrations to bet-
ter elicit SQL generation ability from LLMs (Gao
et al., 2024; Pourreza and Rafiei, 2023). Other ap-
proaches refine candidate SQL queries through self-
debugging, post-hoc correction, or multi-candidate
selection (Chen et al., 2024; Li et al., 2024a; Qu
et al., 2025; Borchmann and Wydmuch, 2025;
Tritto et al., 2025). These methods are effective
at improving individual predictions, but they oper-
ate outside the model parameters and therefore do
not directly remove recurring internal generation
biases.

Training-stage methods improve the model itself
by adapting LLMs to Text-to-SQL data. Large-
scale supervised fine-tuning and data synthesis
have enabled open-source models to acquire strong
SQL generation capabilities (Li et al., 2025). How-
ever, additional fine-tuning can also reinforce recur-
ring erroneous patterns together with correct SQL
patterns. In contrast, TTU-SQL treats systematic
Text-to-SQL failures as localizable error tendencies
and repairs them through post-hoc parameter-level
unlearning.

2.2 Preference Optimization for Model
Adaptation

Preference optimization has become a standard
paradigm for aligning language models with de-
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sired behaviors. RLHF optimizes models us-
ing reward models learned from human prefer-
ences (Ouyang et al., 2022), while DPO directly
optimizes pairwise preferences without explicit re-
ward modeling (Rafailov et al., 2023). These meth-
ods are designed to increase the relative likelihood
of preferred outputs over rejected ones.

In Text-to-SQL, a natural preference pair can
be constructed from a gold SQL query and an er-
roneous model prediction. However, directly ap-
plying preference optimization couples two effects:
increasing the probability of the gold SQL and de-
creasing the probability of the wrong prediction.
This coupling can be undesirable when the probe
data differ from the target evaluation distribution,
since it may over-emphasize probe-specific SQL re-
alizations. TTU-SQL instead decouples these two
roles. It first uses negative preference optimiza-
tion to suppress localized erroneous continuations,
and then applies recovery SFT to restore general
SQL generation ability. Thus, our goal is not gen-
eral preference alignment, but targeted repair of
recurring Text-to-SQL error tendencies.

2.3 Machine Unlearning
Machine unlearning aims to remove the influence
of undesired data or knowledge from trained mod-
els. Exact unlearning methods remove training
examples by retraining or partitioning the training
process (Bourtoule et al., 2021), but such strategies
are impractical for modern LLMs. Approximate un-
learning methods reduce the cost through influence
estimation, gradient ascent, or post-hoc parameter
updates (Koh and Liang, 2017; Jang et al., 2023;
Yao et al., 2024). Recent work further studies for-
getting specific facts, private information, harmful
knowledge, or designated examples (Maini et al.,
2024; Li et al., 2024b).

NPO was proposed as an alignment-inspired un-
learning objective that suppresses undesirable out-
puts while mitigating the collapse often caused by
naive gradient ascent (Zhang et al., 2024). How-
ever, existing unlearning methods typically assume
that the forgetting target is a known example, fact,
or behavior to be removed. TTU-SQL targets a
different object: systematic Text-to-SQL error pat-
terns that emerge as recurring erroneous contin-
uations across structurally similar SQL contexts.
Instead of removing a known training instance,
TTU-SQL uses a probe dataset to expose such pat-
terns, localizes their divergence points with AST-
based comparison, and applies token-level unlearn-

ing only to the erroneous decision positions. This
extends machine unlearning from data removal to
post-hoc repair of structured generation errors.

3 Preliminary Study

3.1 Problem Formulation
Setting. Let Mθ denote a trained Text-to-SQL
model whose original training corpus is unknown
or inaccessible. We assume access to a labeled
probe dataset DP = {(xi, y∗i )}Ni=1, where xi de-
notes a natural language question with database
schema context and y∗i denotes the corresponding
gold SQL query. The probe dataset is used to ex-
pose, localize, and repair recurring error patterns.
The target evaluation set DT , such as Spider Dev
or BIRD Dev, is used only for evaluation and is
never accessed during training, error detection, or
forget-set construction.

Objective. The goal is to obtain an updated
model Mθ′ that improves execution accuracy on
DT by selectively suppressing systematic error pat-
terns detected on DP . Unlike standard SFT, which
uniformly increases the likelihood of gold outputs,
our objective is to identify local erroneous decision
points and reduce the model’s preference for the
corresponding wrong continuations while preserv-
ing useful SQL generation knowledge.

3.2 Key Observations
Our preliminary analysis on the probe dataset
reveals three observations that motivate targeted
token-level unlearning. These observations are
phrased as empirical regularities in our setting (Spi-
der/BIRD with DeepSeek-R1-Distill backbones),
not universal properties of Text-to-SQL models; the
supporting statistics are reported in Appendix D.8.

Probe inference exposes recurring error tenden-
cies. Model errors are not uniformly distributed
across SQL structures. Instead, many failures recur
around similar decision points, such as unnecessary
aggregation clauses, incorrect column choices, or
wrong structural operators. This concentration sug-
gests that probe-set errors can serve as observable
evidence of systematic generation tendencies rather
than isolated prediction noise.

Some errors reflect suppressed correct behav-
ior. After applying a simple NPO objective to
detected erroneous outputs, 45 out of 495 previ-
ously incorrect predictions become correct. This
does not imply that the model fully encodes the
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Figure 2: Overview of the TTU-SQL framework. The pipeline is organized into three modules: probe-based
diagnosis, AST-based localization with forgettable error extraction, and Part-NPO followed by recovery SFT.

gold SQL in all such cases. Rather, it suggests
that some correct behaviors are partially accessible
under the model distribution and can emerge once
dominant erroneous continuations are suppressed.

Coarse-grained unlearning is overly destructive.
Applying unlearning to the entire erroneous se-
quence can damage useful SQL knowledge because
many incorrect predictions contain long correct pre-
fixes. This observation motivates selective unlearn-
ing at localized divergence positions rather than
sequence-level suppression.

3.3 Background: Negative Preference
Optimization

Negative Preference Optimization (Zhang et al.,
2024) was originally proposed for knowledge un-
learning in LLMs. Its core idea is to reduce the
generation probability of undesirable outputs with-
out requiring correct answers.

Given forget data (x, ŷ) and a reference model
πref, the NPO loss is:

LNPO = − 2

β
E(x,ŷ)

[
log σ

(
−β · log πθ(ŷ|x)

πref(ŷ|x)

)]

where σ is the sigmoid function and β > 0 is the
inverse-temperature coefficient. Intuitively, NPO
reduces πθ(ŷ|x) relative to πref(ŷ|x), thereby sup-
pressing the undesirable output while avoiding the
unstable dynamics of naive gradient ascent.

4 Targeted Token-level Unlearning for
SQL

Given a Text-to-SQL model Mθ whose original
training data is unknown, TTU-SQL repairs recur-
ring Text-to-SQL errors through the probe-based
framework in Figure 2. The framework first uses
a labeled probe dataset DP to expose recurring
errors, then localizes the first erroneous decision
point through AST-based divergence detection.
Logit-level criteria select forgettable errors, Part-
NPO suppresses localized erroneous tokens, and
recovery SFT restores correct SQL generation after
unlearning.

4.1 Error Pattern Detection with AST-Based
Divergence Detection

Given a model prediction ŷ and its corresponding
gold standard y∗, the goal is to localize the earli-
est position at which the predicted SQL departs
from the gold program structure. Due to the struc-
tured nature of SQL, simple string comparison can
produce false positives because semantically equiv-
alent queries may have different surface forms. We
therefore adopt an AST-based pipeline that first
parses both queries into abstract syntax trees us-
ing sqlglot (Mao, 2023), then normalizes table
aliases to reduce mismatches caused by aliasing
differences. On the normalized ASTs, we perform
node-by-node comparison to identify the first struc-
tural divergence position, which corresponds to the
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earliest erroneous generation decision detected in
the AST space. Finally, we map this AST diver-
gence position back to the original token sequence
position, obtaining the divergence token d. Ad-
ditional implementation details and examples are
provided in Appendix B.1.

4.2 Forgettable Error Type Extraction

Effective token-level unlearning requires localiz-
able errors whose divergence is associated with an
over-prioritized wrong continuation. We therefore
use the divergence position d as an anchor to an-
alyze the model’s local preference behavior and
select errors suitable for targeted suppression. The
extraction procedure focuses on three such error
types, summarized in the error extraction module
of Figure 2.

Class 1: Structural Divergence. The token at
the divergence position introduces a structural
change in the SQL AST, such as an unnecessary
GROUP BY, WHERE, or JOIN clause. These errors
correspond to local structural decision biases that
alter the semantics of the generated query.

Class 2: Gold Not in Top-5. The correct token
y∗d is not among the model’s top-5 logit-ranked can-
didates at the divergence position. This indicates
that the correct token receives low local preference
under the current model distribution. In such cases,
limited-step SFT may need to overcome a large
initial logit gap before the correct token becomes
competitive.

Class 3: Gold in Top-5 but Low Similarity. The
correct token y∗d appears among the top-5 candi-
dates, but the cosine similarity between its embed-
ding and the actually predicted token is below a
threshold τ = 0.8. This indicates that the model
assigns non-negligible probability to the correct
token but still prefers a semantically distant alter-
native. Such cases capture local wrong-preference
errors rather than complete absence of the correct
candidate.

4.3 Part-NPO: Token-Level Selective
Unlearning

Standard NPO applies the unlearning objective to
the entire erroneous sequence ŷ. However, Text-
to-SQL errors are often locally concentrated: an
incorrect query may contain a correct prefix before
diverging at a specific decision point. Suppress-
ing the entire sequence therefore risks penalizing

√NPO

(a) Full-NPO: Loss computed on ALL tokens

(b) Part-NPO: Loss computed on divergence positions

SELECT COUNT(*) FROM singer GROUP BY name

√NPO√NPO√NPO √NPO √NPO √NPO
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Destroys 
beneficial 
knowledge

SELECT COUNT(*) FROM singer GROUP BY name

×Skip √NPO √NPO √NPO

Divergence Region

×Skip ×Skip ×Skip
Preserve 
correct 
prefix

Figure 3: Comparison of Full-NPO and Part-NPO. Part-
NPO preserves the correct prefix by applying the un-
learning loss only to localized divergence tokens.

useful SQL generation behavior together with the
actual erroneous continuation.

Part-NPO is designed to avoid this over-
suppression by applying the NPO objective only
to localized divergence tokens. As illustrated in
Figure 3, Full-NPO suppresses all tokens in the
erroneous sequence, whereas Part-NPO preserves
the correct prefix and applies the unlearning signal
only at the localized divergent decision points.

While Full-NPO optimizes over all tokens in the
predicted sequence,

LFull-NPO = − 2

β

T∑

t=1

log σ
(

− β log
πθ(ŷt | ŷ<t, x)

πref(ŷt | ŷ<t, x)

)

Part-NPO restricts the unlearning signal to the
divergence-token set:

LPart-NPO = − 2

β

∑

t∈D
log σ

(

− β log
πθ(ŷt | ŷ<t, x)

πref(ŷt | ŷ<t, x)

)

Here, t ∈ D means that the NPO loss is applied
only to tokens selected by divergence detection. In
our final implementation, D = {d}, where d is the
first divergence position identified for each forget
sample. Thus, Part-NPO suppresses only the first
divergent token, rather than the full sequence or the
post-divergence suffix.

4.4 Optimization Procedure
Given a probe dataset DP = {(xi, y∗i )}Ni=1,
TTU-SQL optimizes the model through the
diagnose–locate–unlearn–recover procedure intro-
duced above. We first perform a brief probe adap-
tation step on DP , obtaining Mθ1 . This step is not
intended as the final optimization objective; rather,
it places the model under the probe distribution so
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that recurring error tendencies become observable
across diverse SQL structures.

We then run Mθ1 on DP and collect erroneous
predictions. For each error (x, ŷ, y∗), AST-based
divergence detection identifies the first divergence
token d. The error-type extraction procedure in
Section 4.2 selects forgettable errors into Dforget,
while correctly predicted probe examples are sam-
pled as Dretain to stabilize unlearning.

The unlearning stage uses Mθ1 as the reference
model and optimizes Part-NPO on Dforget, together
with a standard retain loss:

Ltotal = LPart-NPO(Dforget) + αL(Dretain).

This produces an intermediate model Mθ2 in which
localized erroneous continuations are suppressed.
Finally, recovery SFT continues training on DP ,
yielding Mθ3 . The resulting model combines local-
ized suppression of recurrent wrong continuations
with renewed likelihood training on correct SQL
behavior.

5 Experiments

5.1 Dataset
Probe Dataset. We construct a probe dataset by
sampling approximately 50,000 single-turn exam-
ples from OmniSQL (Li et al., 2025), a large-scale
synthetic Text-to-SQL corpus with diverse SQL
structures. The probe dataset is used to expose re-
curring errors and to support unlearning and recov-
ery training. For compatibility with target bench-
marks, we retain examples matching the target
structural format.

Evaluation Dataset. We evaluate on Spider
Dev (Yu et al., 2018), a cross-domain Text-to-SQL
benchmark, and BIRD Dev (Li et al., 2023b), a
more challenging real-world database-grounded
benchmark.

5.2 Evaluation Metrics
We report execution accuracy (EX), which mea-
sures whether the predicted SQL returns the same
result as the gold SQL when executed on the cor-
responding database. EX is insensitive to semanti-
cally equivalent surface-form variations and is the
standard metric for Text-to-SQL evaluation.

5.3 Implementation Details
Models. We evaluate TTU-SQL on DeepSeek-
R1-Distill-Llama-8B and DeepSeek-R1-Distill-
Qwen-7B. For each benchmark, the corresponding

base model has been supervised-fine-tuned on the
benchmark’s training split before applying TTU-
SQL, so the starting point already has strong Text-
to-SQL generation accuracy. This setting makes
the comparison conservative by testing whether
TTU-SQL can further repair residual systematic
errors in an already task-adapted model.

Training Configuration. All training stages use
LoRA (Hu et al., 2022) with rank r = 32 and
scaling factor α = 64, targeting query and value
projection layers. Probe adaptation trains for 1
epoch with learning rate 2×10−5. Part-NPO trains
for 1 epoch with learning rate 1× 10−5, β = 0.1,
and retain loss weight 1.0. Recovery SFT trains for
7 epochs with learning rate 2×10−5. All stages use
cosine scheduling, gradient checkpointing, BF16
training, and a single A100 80GB GPU.

5.4 Baselines

Table 1 is organized into two panels. The direct-
comparison panel lists parameter-update methods
run under identical localized data, retain set, LoRA
configuration, and total optimizer steps: (1) Base
Model, the task-adapted model before applying
probe-set adaptation and unlearning; (2) Direct
SFT, the base model further trained on the probe
dataset for the same total number of epochs as TTU-
SQL, which controls for the effect of additional
probe-set training; (3) Localized DPO, which opti-
mizes a DPO objective on gold-vs.-predicted pairs
at the divergence token; (4) SFT on selected error
subset + retain, which trains only on the local-
ized forget subset plus a retain set; (5) Weighted
SFT at divergence tokens, which up-weights the
divergence-token loss; and (6) TTU-SQL. Com-
plete objective definitions and implementation de-
tails for (3)–(5) are in Appendix C.1. The compo-
sition panel applies five training-free inference-
time enhancement methods to the Base, Direct
SFT, and TTU-SQL models under the identical
inference configuration, so that the composition
gain attributable specifically to TTU-SQL is visi-
ble. These methods are not parameter-only base-
lines: they use additional inference-time resources
such as schema retrieval, database probing, output
correction modules, execution feedback, or multi-
candidate decoding. We group them into three
categories: (3) Input preprocessing: Rethinking
Schema Linking (Nahid et al., 2025) prunes irrel-
evant schema elements via bidirectional retrieval;
DIVER (Nan et al., 2026) resolves entity-value
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Method DeepSeek-R1-Distill-Llama-8B DeepSeek-R1-Distill-Qwen-7B

Spider BIRD Spider BIRD

Direct comparison (parameter-update methods, equal localized data and compute)
Base Model 61.41 32.79 58.51 31.94
Direct SFT 66.15 33.57 62.48 33.24
Localized DPO (gold vs. predicted) 67.70 34.49 64.31 34.09
SFT on selected error subset + retain 66.44 33.38 62.57 33.12
Weighted SFT at divergence tokens 64.80 33.38 61.41 32.79
TTU-SQL 68.57 35.53 65.57 34.87

Panel 2: Composition with inference-time enhancement (macro-avg over the four settings)
Inference-time method Base + method Direct SFT + method TTU-SQL + method

Rethinking Schema Linking 48.62 50.74 52.91
DIVER 48.61 50.36 52.01
SEA-SQL 54.62 55.21 55.93
SHARE 52.75 53.48 54.60
MBR-SQL (N=10) 46.50 49.32 51.37

Table 1: Main results on Spider and BIRD Dev (EX, %). Panel 1 (top): direct comparison of parameter-update
methods under equal localized data, retain set, LoRA configuration, and total optimizer steps. Panel 2 (bottom):
composition with training-free inference-time enhancement methods; each method is applied to Base, Direct
SFT, and TTU-SQL under the identical inference configuration. Panel 2 values are macro-averages over the four
model–dataset pairs; per-setting values are reported in Appendix 5.

mismatches through dynamic database probing.
(4) Output post-processing: SEA-SQL (Li et al.,
2024a) eliminates output biases via a specialized
correction model; SHARE (Qu et al., 2025) per-
forms hierarchical SQL correction through three
lightweight SLMs. (5) Multi-candidate selection:
MBR-SQL (Borchmann and Wydmuch, 2025) se-
lects the optimal SQL via execution-guided Min-
imum Bayes Risk decoding with 10 candidates.
Detailed descriptions are in Appendix C.

6 Results and Analysis

6.1 Overall Results

Table 1 shows that TTU-SQL consistently im-
proves over Direct SFT across both evaluated
models and datasets. On Spider Dev, TTU-
SQL improves DeepSeek-R1-Distill-Llama-8B
from 66.15% to 68.57% and DeepSeek-R1-Distill-
Qwen-7B from 62.48% to 65.57%. On BIRD Dev,
TTU-SQL improves DeepSeek-R1-Distill-Llama-
8B from 33.57% to 35.53% and DeepSeek-R1-
Distill-Qwen-7B from 33.24% to 34.87%. These
results suggest that suppressing systematic erro-
neous continuations before recovery training is
more effective than allocating the same training
budget to Direct SFT alone.

The gains on BIRD are smaller than those on
Spider, which is expected because BIRD contains
more real-world grounding challenges, including
value linking and schema-value alignment. Such

errors are less likely to be fully addressed by sup-
pressing local SQL generation biases alone. This
indicates that TTU-SQL is most effective when
the dominant failure mode lies in generation pref-
erence rather than external grounding. TTU-SQL
does not repair all Text-to-SQL failure types. A
category-level before/after analysis (Appendix D.9)
shows that the largest error reductions occur in the
local generation categories it targets, namely col-
umn selection, structural operators, aggregation,
and grouping/ordering. In contrast, condition/value
grounding and non-local errors change little.

TTU-SQL is also complementary to inference-
time enhancement methods. All five inference-
time baselines achieve higher accuracy when com-
bined with TTU-SQL than when applied to the
base model alone. Several of these methods use
additional inference-time resources, so their stan-
dalone scores should not be interpreted as direct
parameter-only comparisons with TTU-SQL. Im-
portantly, ordinary continued SFT is also comple-
mentary to these inference-time methods: applying
each method to the Direct SFT model already im-
proves over applying it to the base model. The
composition gain is therefore not unique in kind to
TTU-SQL. However, under the identical inference
configuration, TTU-SQL retains an additional 0.72–
2.17 point advantage over Direct SFT across the
five methods, indicating that localized parameter re-
pair provides benefits beyond continued SFT even
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EX (%)

TTU-SQL 65.57

NPO on all errors 63.82
w/o recovery SFT 44.20

Class 1 only 64.12
Class 2 only 64.50
Class 3 only 63.44
Class 1+2 64.22
Class 1+3 63.64
Class 2+3 64.89
Class 1+2+3 65.57

Full-NPO 64.22
Part-NPO (divergence sequence) 64.70
Part-NPO (divergence token) 65.57

Table 2: Ablation study on Spider with DeepSeek-R1-
Distill-Qwen-7B.

when both are composed with the same inference-
time enhancement.

6.2 Ablation Study
Table 2 examines the main design choices of TTU-
SQL, including forget-set selection, recovery train-
ing, and unlearning granularity. All variants are
evaluated on Spider with DeepSeek-R1-Distill-
Qwen-7B under the same training configuration.

Effect of forget-set selection. Targeted forget-
set construction is more effective than unlearn-
ing all erroneous predictions. NPO on all er-
rors reaches 63.82% EX, while the full TTU-SQL
reaches 65.57%. This gap suggests that the three
specific error types defined in Section 4.2 provide
cleaner unlearning targets than the full error set,
which may contain noisy, non-local, or structurally
under-specified failures. Among the individual
classes, Class 2 performs best at 64.50%, and com-
bining all three classes further improves the result
to 65.57%, indicating that the extracted classes cap-
ture complementary error patterns.

Effect of recovery SFT. Removing recovery SFT
leads to a substantial drop to 44.20% EX. This re-
sult shows that NPO alone is not sufficient as a
final model update. Although NPO can suppress er-
roneous continuations, it may also perturb general
SQL generation behavior and reduce output fluency.
Recovery SFT is therefore necessary to restore flu-
ent SQL generation and convert the weakened erro-
neous preferences into improved task performance.

Effect of unlearning granularity. We compare
three granularities for applying the unlearning ob-
jective. Full-NPO applies NPO to the entire erro-
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Figure 4: Optimization trajectories of Direct SFT and
TTU-SQL on Spider Dev with DeepSeek-R1-Distill-
Qwen-7B.

neous sequence and obtains 64.22% EX. Part-NPO
with divergence sequence applies NPO to every to-
ken from the divergence position to the end of the
sequence, improving the result to 64.70%. How-
ever, this suffix-level objective can still suppress
tokens beyond the actual error trigger and may pe-
nalize useful continuations after the first divergence
point. The final Part-NPO with divergence token
applies NPO only to the token at the localized di-
vergence position and achieves the best result of
65.57%, suggesting that the main repairable signal
lies in the localized erroneous decision rather than
the entire generated sequence.

6.3 Optimization Trajectory Analysis

Figure 4 compares the training trajectories of Direct
SFT and TTU-SQL on Spider Dev with DeepSeek-
R1-Distill-Qwen-7B. Direct SFT steadily improves
the base model, but its gains gradually saturate. In
contrast, TTU-SQL applies Part-NPO after the first
epoch, which causes a sharp temporary drop in ex-
ecution accuracy. This drop is expected: Part-NPO
is an unlearning step that suppresses localized er-
roneous continuations, and is not intended to serve
as a standalone final model.

After the erroneous patterns are weakened, re-
covery SFT quickly restores SQL generation ability
and further improves performance beyond the Di-
rect SFT trajectory. This optimization trajectory
suggests that the benefit of TTU-SQL does not
come from additional SFT epochs alone. Rather,
it comes from first weakening recurring error pat-
terns and then relearning correct SQL generation
behavior on the repaired model state.

7 Discussion

Unlearning as post-hoc repair. The results sug-
gest that continued fine-tuning and post-hoc repair
address different aspects of Text-to-SQL improve-
ment. Direct SFT reinforces gold SQL outputs,
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whereas TTU-SQL explicitly weakens localized
wrong continuations before recovery training. The
trajectory in Figure 4 illustrates this distinction:
Part-NPO first perturbs learned generation behav-
ior, and recovery SFT then rebuilds SQL generation
from a repaired model state. This supports viewing
unlearning not only as data or knowledge removal,
but also as a tool for repairing recurring generation
biases in structured prediction.

Scope of token-level repair. The effectiveness
of TTU-SQL depends on whether errors are local-
izable. Many Text-to-SQL failures contain useful
partial structures before diverging at a local deci-
sion point, explaining why token-level Part-NPO
outperforms sequence-level suppression. However,
errors dominated by global query planning, compo-
sitional reasoning, or schema-value grounding may
require structure-level repair or additional ground-
ing mechanisms. This boundary is consistent with
the smaller gains on BIRD. The parameter-level in-
terpretation is therefore evidence-supported for lo-
calizable errors, not a causal claim for all SQL fail-
ure types: recurring errors persist under semantics-
preserving perturbations such as question para-
phrases and schema-identifier renamings, indicat-
ing that their roots lie in internal model preferences
rather than external prompt artifacts, while resid-
ual errors and the smaller BIRD gains reflect that
schema linking, value grounding, and other global
capabilities exceed the current repair scope.

8 Conclusion

We proposed TTU-SQL, a targeted token-level un-
learning framework for repairing systematic er-
ror patterns in Text-to-SQL models. Rather than
treating incorrect predictions as entirely wrong se-
quences, TTU-SQL uses a probe dataset to ex-
pose recurring failures, localizes the first diver-
gent decision through AST-based comparison, and
applies Part-NPO only to the localized erroneous
token before recovery SFT. Experiments on Spi-
der and BIRD show that this selective suppress-
then-recover strategy improves over equal-budget
training-based repair baselines and can be com-
bined with inference-time enhancement methods.
These findings indicate that machine unlearning
can be used not only for removing data influence,
but also for parameter-level repair of recurrent gen-
eration preferences in structured semantic parsing.

9 Limitations

This work has several limitations. First, TTU-SQL
requires a labeled probe dataset to expose errors
and identify divergence positions; the unavailability
of labeled probe data is an explicit limitation of the
current framework. When gold SQL annotations
are unavailable, the same framework would require
reliable alternatives such as execution feedback,
verified candidate sets, or other weak supervision
signals.

Second, TTU-SQL is designed for recurring er-
rors that can be localized to token-level divergence
points. It is less suitable for failures dominated by
global query planning, multi-step compositional
reasoning, or schema-value grounding, where the
necessary correction may span multiple clauses or
depend on external database evidence.

Third, the current error extraction rules include
implementation choices, such as the top-5 logit
criterion and the Class 3 similarity threshold, that
may require recalibration for different tokenizers,
model families, or SQL dialects. Finally, our ex-
periments cover two SQL styles (Spider and BIRD,
both SQLite-based); extending TTU-SQL to addi-
tional SQL dialects (e.g., DuckDB, PostgreSQL,
MySQL) and to other structured generation tasks
remains an important direction for future work.
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A Reproducibility Details

A.1 Datasets and Splits

Probe dataset. We use OmniSQL (Li et al.,
2025) as the source of the probe dataset DP . Om-
niSQL is a large-scale synthetic Text-to-SQL cor-
pus designed to cover diverse database schemas,
natural language question forms, and SQL program
structures. In this work, OmniSQL is not used as a
target benchmark. Instead, it serves as a diagnostic
and repair source: we use it to expose recurring
error tendencies, construct forget and retain sets,
perform Part-NPO unlearning, and conduct recov-
ery SFT.

We construct DP by sampling approximately
50,000 examples from OmniSQL. The sampling
procedure is designed to provide broad SQL-
structure coverage while avoiding any use of target
evaluation examples. We first retain single-turn
Text-to-SQL examples, so that each instance con-
tains one natural language question, one database
schema context, and one gold SQL query. Then we
apply target-style filtering to keep examples struc-
turally compatible with the intended evaluation set-
ting. For Spider-targeted experiments, we addition-
ally remove examples requiring external knowl-
edge outside the database schema, since Spider-
style evaluation focuses on database-grounded se-
mantic parsing rather than open-domain factual
reasoning.

The resulting probe dataset is used in four stages.
First, it is used for probe adaptation to place the
model under the probe distribution. Second, model
predictions on this dataset are used to expose recur-
ring errors. Third, the erroneous and correct pre-
dictions are used to construct Dforget and Dretain.
Finally, the same probe dataset is used for recov-
ery SFT after unlearning. Importantly, the probe
dataset is separate from the target evaluation sets
and does not include Spider Dev or BIRD Dev
examples.

Evaluation datasets. We evaluate on Spider
Dev (Yu et al., 2018) and BIRD Dev (Li et al.,

2023b). Spider is a cross-domain Text-to-SQL
benchmark that evaluates generalization to unseen
databases and SQL structures. The Spider de-
velopment set contains 1,034 questions over 20
databases, and is widely used for evaluating seman-
tic parsing and Text-to-SQL generalization.

BIRD is a real-world database-grounded Text-
to-SQL benchmark with more challenging schema-
value grounding requirements. Compared with Spi-
der, BIRD contains more realistic database con-
tents and places greater emphasis on value link-
ing, schema-value alignment, and database-specific
grounding. This makes BIRD a useful testbed for
examining whether TTU-SQL remains effective
when the dominant failure mode is not only SQL
generation preference but also grounding.

Both Spider Dev and BIRD Dev are used only
for evaluation. They are never used during probe
adaptation, error detection, forget-set construction,
Part-NPO training, recovery SFT, or hyperparam-
eter selection. This separation ensures that the
recurring error patterns repaired by TTU-SQL are
detected from the probe dataset rather than from
the target evaluation data.

A.2 Error Category Annotation for
Motivation Analysis

To support the motivation analysis in Figure 1(a),
we conduct a lightweight error-category annotation
on Spider Dev using DeepSeek-R1-Distill-Qwen-
7B. We first run the model on Spider Dev and col-
lect predictions that fail execution matching against
the gold SQL. For each erroneous prediction, we
parse both the predicted SQL and the gold SQL
into ASTs using sqlglot, normalize aliases and
surface-form variants, and identify the first struc-
tural divergence point.

Each error is then assigned to a coarse SQL error
category according to the clause or operator family
associated with the first divergence. The categories
include column selection, aggregation, grouping
or ordering, condition/value prediction, join/table
selection, nested or set-operator structure, and other
query-structure errors. Predictions that cannot be
parsed or cannot be assigned to a clear category are
assigned to the “Other” category.

The percentages reported in Figure 1(a) are com-
puted over all erroneous Spider Dev predictions
in this analysis. This annotation is used only for
motivating the presence of recurring SQL error
categories. It is separate from the forgettable error
types used by TTU-SQL, which are defined by AST
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divergence and logit-level criteria in Section 4.2.

A.3 Evaluation Protocol

We report execution accuracy (EX) for all main
experiments. For each example, the predicted SQL
and the gold SQL are executed against the cor-
responding database. A prediction is counted as
correct if its execution result matches the execu-
tion result of the gold SQL. Invalid SQL queries,
execution errors, and timeouts are counted as incor-
rect. This protocol avoids penalizing semantically
equivalent SQL queries that differ only in surface
form.

All methods are evaluated using the same
database files, schema serialization format, and ex-
ecution evaluator. Unless otherwise specified, each
method produces one final SQL prediction per ques-
tion. For multi-candidate methods such as MBR-
SQL, the selected candidate after the method’s in-
ternal selection procedure is treated as the final
prediction. The target evaluation sets are never
used for selecting forget samples, tuning unlearn-
ing targets, or choosing intermediate checkpoints
for the main results.

The main result tables report performance under
the fixed training configuration in Appendix A.4.
Figure 4 reports an optimization trajectory and
marks the best checkpoint along the plotted curve.
These trajectory checkpoints are used for analysis
and should be distinguished from the fixed-protocol
results reported in the main table.

A.4 Training Hyperparameters

All training stages use LoRA (Hu et al., 2022).
Table 3 summarizes the complete training config-
uration used for both model families. The same
configuration is used for the corresponding Direct
SFT baseline, except that Direct SFT removes the
Part-NPO stage and allocates the same overall train-
ing budget to supervised fine-tuning.

A.5 Compute and Implementation

All experiments use mixed-precision BF16 train-
ing, cosine learning-rate scheduling, and gradient
checkpointing. The main training runs are con-
ducted on a single A100 80GB GPU. AST parsing,
alias normalization, divergence localization, and
forget-set construction are implemented as offline
preprocessing steps. These preprocessing steps are
CPU-based and do not require gradient computa-
tion.

During training, probe adaptation and recovery
SFT optimize the standard next-token likelihood on
gold SQL outputs. The Part-NPO stage optimizes
the token-level NPO loss on Dforget, together with
a retain loss on Dretain. All trainable stages use
the same schema serialization and prompt format
unless otherwise specified in Appendix C.3.

A.6 Randomness and Variance

To assess the stability of TTU-SQL, we report three
independent runs under the same training config-
uration. Run 1 corresponds to the values reported
in Table 1. As shown in Table 4, TTU-SQL con-
sistently improves over Direct SFT across all runs
and all evaluated model–dataset pairs.

The mean results show the same trend as the
main table. TTU-SQL improves over Direct SFT
by 2.51 points on Llama-8B Spider, 2.02 points on
Llama-8B BIRD, 3.13 points on Qwen-7B Spider,
and 1.63 points on Qwen-7B BIRD. The standard
deviations of TTU-SQL are comparable to those
of Direct SFT, indicating that the gains are stable
across repeated runs rather than being caused by a
single favorable seed.

B Additional Method Details

B.1 AST-Based Divergence Detection

The goal of divergence detection is to identify the
earliest token-level decision where the predicted
SQL begins to deviate from the gold SQL. A di-
rect string comparison is insufficient because SQL
queries can be semantically equivalent while differ-
ing in aliases, table qualifiers, or other surface-form
choices. We therefore perform divergence detec-
tion in a normalized AST space and then map the
detected structural divergence back to the original
token sequence.

The procedure consists of five steps. First, both
the predicted SQL ŷ and the gold SQL y∗ are
parsed into ASTs using sqlglot (Mao, 2023). If ei-
ther query cannot be parsed, the example is treated
as non-localizable and is excluded from token-level
forget-set construction. Second, we normalize table
aliases. For instance, two queries using T1.name
and driver.name may express the same reference
after alias resolution. Alias normalization maps
such surface forms to a canonical representation to
avoid false positive divergences. Third, we com-
pare the normalized ASTs node by node. The com-
parison prioritizes structural nodes such as projec-
tion, aggregation, filtering, grouping, joining, and
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Stage Description DeepSeek-R1-Distill-Llama-8B DeepSeek-R1-Distill-Qwen-7B

Stage 1 Probe dataset adaptation LR 2× 10−5, 1 epoch LR 2× 10−5, 1 epoch
Stage 3 Part-NPO training LR 1 × 10−5, 1 epoch, β = 0.1,

retain weight = 1.0
LR 1 × 10−5, 1 epoch, β = 0.1,
retain weight = 1.0

LoRA Low-rank adaptation configuration r = 32, α = 64, query and value
projections

r = 32, α = 64, query and value
projections

Stage 4 Recovery SFT LR 2× 10−5, 7 epochs LR 2× 10−5, 7 epochs

Table 3: Complete training hyperparameters for all model configurations.

Method Run Llama-8B Spider Llama-8B BIRD Qwen-7B Spider Qwen-7B BIRD

Direct SFT Run 1 66.15 33.57 62.48 33.24
Direct SFT Run 2 65.38 32.99 61.70 32.72
Direct SFT Run 3 66.73 34.03 63.15 33.77
Direct SFT Mean ± Std. 66.09 ± 0.68 33.53 ± 0.52 62.44 ± 0.73 33.25 ± 0.53

TTU-SQL Run 1 68.57 35.53 65.57 34.87
TTU-SQL Run 2 67.89 34.94 64.80 34.29
TTU-SQL Run 3 69.34 36.18 66.34 35.46
TTU-SQL Mean ± Std. 68.60 ± 0.73 35.55 ± 0.62 65.57 ± 0.77 34.87 ± 0.59

Table 4: Variance over three runs. Run 1 corresponds to the main results in Table 1.

ordering operations. Fourth, the first mismatched
AST node is selected as the structural divergence
point. This node represents the earliest place where
the prediction begins to follow a different SQL con-
struction from the gold query. Finally, we map the
divergent AST node back to the original predicted
SQL tokens and obtain the divergence position d.
If a divergent AST node spans multiple tokens, we
use the first token in the corresponding span as the
localized decision point.

Localization validity audit. To validate the accu-
racy of the identified divergence positions, two an-
notators independently audited 300 randomly sam-
pled erroneous predictions on Spider/DeepSeek-
R1-Distill-Qwen-7B and judged whether the de-
tected node was the earliest genuine semantic di-
vergence. The inter-annotator agreement was κ =
0.86. Of the 300 audited cases, 274 (91.3%) were
exact localizations, 17 (5.7%) were semantically
ambiguous but still within the erroneous branch,
and 9 (3.0%) were false localizations. Localization
is applied only to predictions that fail execution
matching, so a fully execution-equivalent alterna-
tive is never entered into Dforget; the implementa-
tion canonicalizes aliases and surface-form vari-
ants before comparing semantic AST nodes, which
handles representative equivalence cases such as
alias differences, commutative predicate order, and
equivalent subquery-vs.-join reformulations. To
assess the impact of localization errors on the main
results, we compared the EX score of the automatic

pipeline (65.57) against the score obtained when
the 26 ambiguous and false-localization cases are
excluded (65.49); the negligible difference (0.08
EX) indicates that the main result is not driven by
localization errors.

B.2 Forgettable Error Type Extraction

After obtaining the divergence position d, we in-
spect the model’s local behavior at that position.
The extraction procedure is designed to select er-
rors that are suitable for targeted unlearning. It is
not intended to form an exhaustive taxonomy of all
Text-to-SQL errors.

For each erroneous prediction, we collect the
model’s logit distribution at position d, the pre-
dicted token ŷd, the gold token y∗d, and the local
AST divergence information. We then apply three
extraction criteria.

Class 1: Structural divergence. An error be-
longs to Class 1 if the predicted token introduces
a structural change in the SQL AST. Typical cases
include unnecessary or incorrect structural opera-
tors such as GROUP BY, WHERE, JOIN, ORDER BY, or
set-operation keywords. These tokens often change
the semantics of the entire query even though the
prefix before them may be correct. Such errors
are suitable for token-level unlearning because the
harmful behavior is concentrated at a structural
decision point.

Class 2: Gold not in top-5. An error belongs
to Class 2 if the gold token y∗d is not among the
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top-5 candidates under the model’s logit distribu-
tion at the divergence position. This indicates that
the correct continuation is locally under-prioritized.
In this case, Direct SFT must both increase the
probability of the gold token and overcome the
dominance of several competing tokens. Suppress-
ing the predicted wrong token can reduce this local
competition before recovery training.

Class 3: Gold in top-5 but low similarity. An
error belongs to Class 3 if the gold token appears
among the top-5 candidates but is semantically dis-
tant from the predicted token. We compute cosine
similarity using the model token embeddings. If the
similarity between y∗d and ŷd is lower than τ = 0.8,
the sample is selected. This captures cases where
the model has not completely lost access to the cor-
rect token, but still prefers a substantially different
continuation.

Automatic extraction procedure. The three er-
ror types above are generated automatically from
AST structure and model logits; no human anno-
tation is involved. Algorithm 1 summarizes the
end-to-end procedure.

B.3 Forget and Retain Set Construction

Forget and retain sets are constructed from probe-
set predictions after probe adaptation. We first
run Mθ1 on DP and compare each prediction with
the gold SQL using execution accuracy. Correctly
executed predictions are placed into the candidate
retain pool. Incorrect predictions are passed to
the divergence detection and error-type extraction
pipeline.

For each incorrect prediction (x, ŷ, y∗), we iden-
tify the first divergence position d. If the example
satisfies at least one of the three forgettable error
criteria in Appendix B.2, it is added to Dforget.
Each forget example stores the input x, the pre-
dicted SQL ŷ, the gold SQL y∗, the divergence
position d, the predicted divergence token ŷd, and
the assigned error type. When multiple criteria are
satisfied, the example is included once in the union
forget set.

The retain set Dretain is sampled from correctly
predicted probe examples. Its role is to stabilize un-
learning and reduce degradation of useful SQL gen-
eration behavior. During Part-NPO, forget samples
contribute token-level NPO loss at D = {d}, while
retain samples contribute a standard likelihood-
preserving loss. During recovery SFT, the full

probe dataset DP is used to rebuild fluent SQL
generation after unlearning.

B.4 End-to-End Procedure
The full TTU-SQL procedure is organized around
a single probe dataset, but different stages use it
for different purposes. Probe adaptation exposes
recurring errors, divergence detection localizes er-
roneous decisions, Part-NPO suppresses localized
wrong continuations, and recovery SFT restores
general SQL generation behavior.

The pipeline begins with the base Text-to-SQL
model Mθ. We first fine-tune the model on the
probe dataset for one epoch, obtaining Mθ1 . This
stage is not intended as the final optimization ob-
jective. Instead, it places the model under the probe
distribution so that recurring generation tendencies
can be observed through inference.

We then run Mθ1 on DP and split the predictions
according to execution correctness. Correct pre-
dictions form the retain candidate pool. Incorrect
predictions are passed to AST-based divergence
detection, which identifies the first divergence po-
sition d. The error-type extraction procedure then
selects forgettable errors from these localized er-
ror records. The resulting forget set is denoted as
Dforget, and the sampled retain set is denoted as
Dretain.

In the unlearning stage, Mθ1 serves as the refer-
ence model. For each forget example, Part-NPO
applies NPO only to the localized divergence token
d, rather than to the entire predicted SQL sequence.
At the same time, retain examples are used to pre-
serve general SQL generation behavior. This stage
produces an intermediate model Mθ2 . Finally, re-
covery SFT continues training Mθ2 on the probe
dataset DP , yielding the final model Mθ3 . The final
model is used for all downstream evaluations and
for combination with inference-time enhancement
methods.

C Baseline Details and Combination
Protocol

C.1 Internal Baselines
Base Model. The base model is the task-adapted
Text-to-SQL model before applying probe-set adap-
tation and unlearning. It provides the reference
point for measuring the effect of additional training
and post-hoc repair.

Direct SFT. Direct SFT continues training the
base model on the probe dataset for the same total
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(a) Class 1: Structural Divergence.
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Figure 5: Logit distributions at divergence positions for the three extracted error types. (a) Class 1: SQL keyword
divergence. (b) Class 2: gold token not in top-5. (c) Class 3: gold token appears in top-5 but has cosine similarity
below τ = 0.8.

number of training epochs as TTU-SQL, but with-
out the unlearning stage. This baseline controls
for whether the improvement of TTU-SQL comes
merely from additional supervised fine-tuning. A
comparison against Direct SFT is therefore central
to our evaluation: if TTU-SQL improves over Di-
rect SFT under the same training budget, the gain
cannot be attributed only to more exposure to the
probe dataset.

Localized DPO. Localized DPO optimizes a
DPO objective on gold-vs.-predicted token pairs
at the divergence position. With forget data (x, ŷ),
gold y∗, reference model πref, and divergence token
d, the loss is

LDPO = −E log σ
(
β log

πθ(y
∗
d | x, ŷ<d)

πref(y∗d | x, ŷ<d)

− β log
πθ(ŷd | x, ŷ<d)

πref(ŷd | x, ŷ<d)

)

followed by the same recovery SFT stage as TTU-
SQL. It uses the same localized forget set, retain
set, LoRA configuration, and total optimizer steps
as TTU-SQL.

SFT on selected error subset + retain. This
baseline replaces Part-NPO with standard next-
token SFT on Dforget mixed with Dretain, keeping
all other stages (probe adaptation and recovery SFT
budget) identical to TTU-SQL. It tests whether sim-
ply training on the localized error subset suffices
without an explicit suppression objective.

Weighted SFT at divergence tokens. This base-
line performs standard SFT on gold SQL outputs
but scales the loss at the divergence token d by a
constant factor w > 1, again with the same recov-
ery budget and configuration as TTU-SQL. It tests

whether up-weighting the divergence token with-
out decoupled suppression reproduces the gain of
TTU-SQL.

Joint SFT (original + probe). Joint SFT is a
stronger control that additionally exposes the orig-
inal training corpus: it trains on a 1:9 mixture of
the original benchmark training set and the probe
set, while keeping the same total optimizer steps,
LoRA configuration, and number of consumed ex-
amples as TTU-SQL. Data provenance and sam-
pling protocol. The original-training-set portion is
drawn from the official Spider/BIRD training split
on which the base model was already supervised-
fine-tuned; the probe portion is sampled indepen-
dently from OmniSQL and is disjoint from Spider
Dev and BIRD Dev, so no target-test examples are
used. The 1:9 ratio fixes the probe-set exposure of
TTU-SQL while additionally exposing the original
corpus, isolating whether the gain of localized un-
learning exceeds the gain of simply adding the orig-
inal training data. Joint SFT obtains 66.44 / 34.26 /
62.86 / 33.83 EX (Llama-8B Spider/BIRD, Qwen-
7B Spider/BIRD), which benefits from access to
the original training data but remains 1.04–2.71
points below TTU-SQL (68.57 / 35.53 / 65.57 /
34.87), supporting the narrower conclusion that ad-
ditional supervision is useful but does not account
for the full gain of localized unlearning.

C.2 Inference-Time Enhancement Baselines

The inference-time baselines are training-free with
respect to TTU-SQL. They modify either the in-
put context, the generated output, or the candidate
selection process without changing the model pa-
rameters. We combine them with TTU-SQL to test
whether parameter-level repair and inference-time
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Algorithm 1 Automatic forgettable-error-type extraction

Require: probe set DP ; model Mθ; top-k (k=5); similarity threshold τ=0.8
1: Dforget ← ∅
2: for each (x, y∗) ∈ DP do
3: ŷ ←Mθ(x)
4: if ŷ fails execution matching against y∗ then
5: parse ŷ, y∗ to ASTs; canonicalize aliases and surface forms
6: d← first AST divergence node, mapped to the token position
7: if the divergence node is a structural operator change then ▷ Class 1
8: Dforget ← Dforget ∪ {(x, ŷ, d)}
9: else if y∗d /∈ top-k(logitsθ(· | x, ŷ<d)) then ▷ Class 2

10: Dforget ← Dforget ∪ {(x, ŷ, d)}
11: else ▷ Class 3
12: ŵ, w∗ ← predicted / gold first word at d
13: if cos(emb(ŵ), emb(w∗)) < τ then
14: Dforget ← Dforget ∪ {(x, ŷ, d)}
15: end if
16: end if
17: end if
18: end for
19: return Dforget

enhancement address different failure modes.

Rethinking Schema Linking. Rethinking
Schema Linking (Nahid et al., 2025) treats
schema linking as a retrieval problem. It uses a
context-aware bidirectional retrieval framework
that combines table-first and column-first schema
retrieval. In our experiments, this method is used
as an input preprocessing baseline. It prunes
irrelevant schema elements before SQL generation,
reducing schema noise in the model input.

DIVER. DIVER (Nan et al., 2026) is an input-
side enhancement method designed for robust
Text-to-SQL generation with dynamic interactive
value linking and evidence reasoning. It probes
the database to construct evidence for resolving
schema-value ambiguity. In our experiments,
DIVER is used to improve the grounding infor-
mation provided to the SQL generator before de-
coding.

SEA-SQL. SEA-SQL (Li et al., 2024a) performs
semantic-enhanced SQL refinement with adaptive
bias elimination and dynamic execution adjustment.
It is used as an output post-processing baseline.
Given an initially generated SQL query, SEA-SQL
refines the query to reduce output-level errors.

SHARE. SHARE (Qu et al., 2025) is a hierar-
chical SQL correction framework based on special-

ized small language models. It decomposes SQL
correction into stepwise actions and performs fine-
grained refinement over the generated query. In
our experiments, SHARE is treated as an output
correction method applied after the SQL generator
produces its initial prediction.

MBR-SQL. MBR-SQL (Borchmann and Wyd-
much, 2025) represents multi-candidate selection.
It generates multiple SQL candidates and selects
the final prediction using execution-guided Mini-
mum Bayes Risk decoding. Following the main
text, we use N = 10 candidates. This baseline
improves output selection rather than repairing the
model parameters.

C.3 Combination Protocol

For each inference-time enhancement method, we
evaluate two settings. The first setting applies the
inference-time method to the base model. The sec-
ond setting applies the same inference-time method
to the TTU-SQL-updated model. This protocol
tests whether parameter-level repair is complemen-
tary to inference-time improvement.

The combination procedure depends on the
method type. For input preprocessing methods,
including Rethinking Schema Linking and DIVER,
the preprocessing module is applied before SQL
generation. The pruned schema, linked values, or
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database evidence are inserted into the model input,
and the model then generates SQL using the same
decoding setup as in the main experiments. For out-
put post-processing methods, including SEA-SQL
and SHARE, the model first generates an initial
SQL query, and the correction module revises the
output. The corrected SQL is used as the final
prediction. For MBR-SQL, the model generates
N = 10 SQL candidates, and the final prediction
is selected using the method’s execution-guided
selection criterion.

All final predictions are evaluated using the
same execution-accuracy protocol described in Ap-
pendix A.3. The target evaluation sets are used only
for evaluation. They are not used for constructing
forget sets, tuning unlearning targets, or updating
model parameters. Therefore, when an inference-
time method is combined with TTU-SQL, the main
difference from the base-model setting is that the
underlying SQL generator has been repaired by
TTU-SQL before inference.

Per-setting composition results. Table 5 re-
ports the per-setting execution accuracy when each
inference-time enhancement method is applied
to the base model and to the TTU-SQL-repaired
model, complementing the macro-average compar-
ison in Table 1 (Panel 2).

D Additional Results and Analyses

D.1 Forget-Class Combination
Table 6 expands the forget-class ablation in the
main text by reporting the number of forget samples
for each class combination. The sample counts are
not additive because the three error-type criteria
can overlap.

The results show that the three extracted error
types provide complementary unlearning targets.
Among single-class settings, Class 2 achieves the
best result at 64.50% EX, suggesting that errors
where the gold token is not locally competitive
are particularly amenable to suppress-then-recover
optimization. Class 1 and Class 3 also improve
over weaker variants, but neither alone reaches
the full method. Among pairwise combinations,
Class 2+3 performs best at 64.89%, indicating that
low-preference gold tokens and wrong-preference
errors capture related but non-identical local failure
modes. Combining all three classes yields the best
result, 65.57%, even though the total sample count
increases only slightly over Class 2+3. This sug-
gests that the structural divergence cases in Class 1

still contribute useful repair signals when combined
with the other two classes.

D.2 Effect of Retain and Forget Set Size
Table 9 reports the sensitivity of TTU-SQL to
retain-set and forget-set size. For the retain set, us-
ing only 2,000 examples yields 63.44% EX, which
is substantially below the full setting. This in-
dicates that a small retain set is insufficient to
stabilize the unlearning stage. Increasing the re-
tain set generally improves performance, with the
largest retain setting reaching 65.57%. The non-
monotonic result at 10,000 examples suggests that
retain sampling quality also matters, but the overall
trend supports using enough correct examples to
preserve general SQL generation behavior during
Part-NPO.

For the forget set, the best result is obtained
with 10,000 forget samples. Smaller forget sets
under-cover recurring error patterns, while larger
forget sets do not further improve performance.
In particular, increasing the forget set to 15,000
or 20,000 slightly reduces EX. This suggests that
adding more forget samples can introduce less lo-
calizable or noisier errors, which is consistent with
the main ablation result that indiscriminately apply-
ing NPO to all errors is less effective than targeted
forget-set construction.

D.3 Probe-Set Size Sensitivity
Table 7 reports TTU-SQL under equal-budget
probe sets of different sizes on Spider with
DeepSeek-R1-Distill-Qwen-7B. The benefit re-
mains under substantially smaller probe sets, al-
though absolute accuracy increases with additional
supervision.

D.4 Effect of Similarity Threshold τ

The Class 3 extraction rule uses a cosine-similarity
threshold τ to select cases where the gold token
appears among the top-5 candidates but is still se-
mantically distant from the predicted token. Table 8
shows that increasing τ monotonically increases
the number of Class 3 samples and the total forget-
set size. However, performance does not improve
monotonically.

A low threshold such as τ = 0.6 selects only
8,842 Class 3 samples and reaches 64.61% EX,
suggesting that the forget set under-covers useful
wrong-preference errors. Increasing the threshold
to 0.7 improves EX to 65.18%. The best result
is achieved at τ = 0.8, where the model obtains
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Inference-time method Applied to Llama-Spider Llama-BIRD Qwen-Spider Qwen-BIRD

Rethinking Schema Linking Base + method 63.34 34.29 61.70 35.14
TTU-SQL + method 69.73 36.57 67.99 37.35

DIVER Base + method 62.19 35.85 59.96 36.44
TTU-SQL + method 67.70 37.09 65.37 37.87

SEA-SQL Base + method 70.99 39.11 69.73 38.66
TTU-SQL + method 72.53 39.83 71.66 39.70

SHARE Base + method 68.96 37.29 67.60 37.16
TTU-SQL + method 71.47 38.85 68.86 38.20

MBR-SQL (N=10) Base + method 61.80 33.18 58.99 32.01
TTU-SQL + method 69.05 35.52 65.76 35.14

Table 5: Per-setting execution accuracy of composition with inference-time enhancement methods on Spider and
BIRD Dev (EX, %). Base and TTU-SQL rows are reported per setting; Direct SFT + method is reported as a
macro-average in Table 1 (Panel 2).

Forget set Samples EX (%)

Class 1 only 3,811 64.12
Class 2 only 6,551 64.50
Class 3 only 12,027 63.44
Class 1+2 9,545 64.22
Class 1+3 12,955 63.64
Class 2+3 18,578 64.89
Class 1+2+3 18,689 65.57

Table 6: Effect of forget-class combinations on Spider
with DeepSeek-R1-Distill-Qwen-7B.

Probe size Direct SFT TTU-SQL Gain

5K 59.10 60.30 +1.20
10K 61.17 63.04 +1.87
25K 61.96 64.52 +2.56
50K 62.48 65.57 +3.09

Table 7: Probe-set size sensitivity on Spider with
DeepSeek-R1-Distill-Qwen-7B under equal budgets.

65.57% EX. Further increasing the threshold to
0.9 expands the forget set to 21,846 samples but re-
duces EX to 65.09%. This indicates that a threshold
that is too high may include less clean or weakly
related samples, introducing noise into the unlearn-
ing target. We therefore use τ = 0.8 in the main
experiments.

D.5 Effect of the Top-k Criterion

The Class 2 extraction rule checks whether the
gold token appears among the model’s top-k logit-
ranked candidates at the divergence position. Ta-
ble 9 reports the sensitivity of TTU-SQL to k on
Spider with DeepSeek-R1-Distill-Qwen-7B. Per-
formance is stable across k ∈ {3, 5, 10}, with
k = 5 giving the best result; we therefore use
k = 5 in the main experiments.

τ Class 3 Forget EX (%)

0.6 8,842 16,376 64.61
0.7 10,485 17,927 65.18
0.8 12,027 18,689 65.57
0.9 15,914 21,846 65.09

Table 8: Effect of the similarity threshold τ for Class 3
extraction.

D.6 Optimization Trajectory Raw Results

Figure 4 in the main text compares the optimization
trajectories of Direct SFT and TTU-SQL. Table 10
reports the raw epoch-wise execution accuracy val-
ues used to generate the figure.

The trajectory provides a more detailed view of
the suppress-then-recover process. After the first
epoch, both Direct SFT and the TTU-SQL trajec-
tory are at 53.48% EX, indicating that the initial
probe adaptation alone does not directly improve
target-set performance. After Part-NPO, perfor-
mance drops to 44.20%, which is expected be-
cause the unlearning stage suppresses localized
erroneous continuations and is not intended to be
a final model update. During recovery SFT, TTU-
SQL rapidly recovers and surpasses Direct SFT
from recovery epoch 4 onward. Direct SFT reaches
its best checkpoint at 62.96%, whereas TTU-SQL
reaches 65.76%, showing that the advantage of
TTU-SQL comes from the optimization trajectory
rather than additional SFT epochs alone.

D.7 Error Pattern Distribution Analysis

Table 11 reports the distribution of the extracted er-
ror types across Spider SQL complexity levels. All
three error types are concentrated in harder SQL
examples. For Class 1, 70.0% of the samples come
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Setting EX (%)

TTU-SQL 65.57

Retain set size
2,000 63.44
5,000 64.51
10,000 63.73
15,000 64.70
18,578 65.57

Forget set size
2,000 64.89
5,000 64.99
10,000 65.57
15,000 64.80
20,000 64.70

Top-k criterion
k = 3 65.10
k = 5 65.57
k = 10 65.31

Table 9: Sensitivity analysis for retain-set and forget-set
size and the top-k criterion on Spider with DeepSeek-
R1-Distill-Qwen-7B.

Checkpoint Direct SFT TTU-SQL

Base model 58.51 58.51
Epoch 1 / before Part-NPO 53.48 53.48
After Part-NPO – 44.20
Recovery epoch 2 60.64 60.15
Recovery epoch 3 60.93 61.61
Recovery epoch 4 61.99 62.86
Recovery epoch 5 62.38 64.41
Recovery epoch 6 62.28 64.60
Recovery epoch 7 62.96 63.25
Recovery epoch 8 62.48 65.57
Recovery epoch 9 62.48 65.76
Recovery epoch 10 62.38 64.60

Table 10: Raw epoch-wise execution accuracy used for
the optimization trajectory figure.

from extra-hard queries and 90.0% come from hard
or extra-hard queries. For Class 2, 69.7% are extra-
hard and 88.3% are hard or extra-hard. For Class 3,
69.2% are extra-hard and 86.7% are hard or extra-
hard. This pattern suggests that localizable erro-
neous continuations occur most frequently in struc-
turally complex SQL programs, where the model
must make more clause-level and operator-level
decisions.

Figure 6 further shows that divergence positions
are heavily skewed toward the early part of the gen-
erated SQL sequence. The first 0–10% bin domi-
nates the distribution, followed by a long tail over
later positions. This supports the design choice
of localizing the first divergence position: many
repairable errors emerge early and can affect the
remaining generation trajectory if not corrected.

Error Type Easy Medium Hard Extra

Class 1 32 350 761 2668
Class 2 96 672 1220 4563
Class 3 156 1440 2105 8326

Table 11: Distribution of extracted error types across
Spider SQL complexity levels.
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Figure 6: Distribution of normalized divergence posi-
tions within generated SQL sequences.

D.8 Quantitative Support for the Key
Observations

This section provides quantitative support for the
three observations in Section 3.

O1: Errors recur around shared decision sig-
natures. Among 22,156 erroneous probe predic-
tions in the Spider/DeepSeek-R1-Distill-Qwen-7B
setting, 73.4% belong to an AST-divergence signa-
ture occurring at least five times, and the 20 most
frequent signatures account for 41.8% of errors.
Comparable rates across the other three model–
dataset settings are 69.1–75.6%.

O2: Suppressing a dominant wrong continua-
tion can expose a correct behavior. In this sub-
set, 45 of 495 previously incorrect predictions be-
come execution-correct after a simple NPO step;
the wrong-token logit decreases substantially and
the median rank of the gold token improves, indi-
cating a local preference shift rather than random
output variation.

O3: Coarse suppression is more destructive.
Under identical data and optimization, Full-NPO
obtains 64.22 EX, suffix-level Part-NPO obtains
64.70, and first-token Part-NPO obtains 65.57. The
corresponding post-recovery invalid-SQL rates are
4.9%, 4.2%, and 3.5%.

D.9 Category-Level Repair Analysis

Table 12 reports a before/after analysis on Spider
Dev with DeepSeek-R1-Distill-Qwen-7B, using
the same AST-based first-divergence categorizer as
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First-div. category Base Direct
SFT

TTU-
SQL

∆ vs. Di-
rect SFT

Column selection 76 69 61 −11.6%
Structural operator 72 64 56 −12.5%
Aggregation 60 53 45 −15.1%
Grouping/ordering 58 51 44 −13.7%
Condition/value 53 49 48 −2.0%
Join/table selection 53 49 47 −4.1%
Other/non-local 55 53 55 +3.8%

Table 12: Before/after error counts by first-divergence
category on Spider Dev (DeepSeek-R1-Distill-Qwen-
7B), over 427 categorizable base-model errors. ∆ is the
relative reduction of TTU-SQL vs. Direct SFT.

Figure 1(a). Counts are over the 427 base-model
errors that can be assigned to a category. The
largest reductions occur in the local generation cat-
egories explicitly targeted by TTU-SQL (column
selection, structural operator, aggregation, group-
ing/ordering), whereas condition/value grounding
and non-local errors change little, delineating the
scope of token-level repair.

E Theoretical Illustration

E.1 A Toy View of Why SFT Can Be Slow for
Low-Probability Tokens

This section provides a simplified logit-space il-
lustration. It is not intended as a complete opti-
mization theory, but as an explanatory model for
why low-probability gold tokens can be difficult to
recover through limited-step SFT.

Let g denote the gold token and w denote the
dominant wrong token at a divergence position. For
cross-entropy training, the gradients with respect
to the logits are:

∂L
∂zg

= pg − 1,
∂L
∂zw

= pw.

Suppose the gold token has probability pg =
0.01, while the wrong token has probability pw =
0.80. The initial logit gap is:

zg − zw = log
pg
pw

= log
0.01

0.80
≈ −4.38.

Under a simplified first-order approximation, the
per-step change in the logit difference is:

∆(zg − zw) ≈ (1− pg + pw)η ≈ 1.79η.

The approximate number of SFT steps required
to flip the decision boundary is:

N =
4.38

1.79η
.
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Figure 7: Toy logit-space trajectory. Direct SFT slowly
moves toward the decision boundary, while NPO first
suppresses the wrong token and recovery SFT crosses
the boundary from a smaller local gap.

This toy calculation illustrates why Class 2 sam-
ples can be difficult for limited-step SFT: the gold
token starts outside the top-ranked candidates, and
the model must overcome a large local logit gap
before the correct token becomes competitive.

E.2 How NPO Can Shorten the Subsequent
SFT Path

NPO directly suppresses the wrong continuation. If
NPO reduces pw from 0.80 to 0.20, the local logit
gap becomes:

zg − zw : −4.38 NPO−−−→ −0.69.

The approximate number of subsequent SFT
steps becomes:

Nnew =
0.69

1.79η
.

The key intuition is that NPO does not itself
learn the correct SQL. Instead, it reduces the local
dominance of an erroneous continuation, making
subsequent SFT operate from a more favorable
model state.

E.3 Conceptual Comparison with DPO
DPO (Rafailov et al., 2023) jointly increases the
relative likelihood of a chosen output and decreases
that of a rejected output. In the Text-to-SQL set-
ting, this means that a gold SQL query and an
erroneous prediction can be treated as a chosen–
rejected pair. However, this objective couples two
effects: increasing the probability of the gold query
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Method Recovery SFT EX (%)

DPO-only No 35.49
DPO + recovery SFT Yes 62.96
NPO-only No 44.20
TTU-SQL Yes 65.57

Table 13: Objective-level comparison on Spider with
DeepSeek-R1-Distill-Qwen-7B.

Field Content

Question What is the total number of singers?
Database concert_singer
Before NPO SELECT count(*) FROM singer

GROUP BY Name
After NPO SELECT count(*) FROM singer
Error type Structural divergence
Divergence GROUP
token
Outcome Correct after suppressing the local er-

roneous continuation

Table 14: A successful local repair case.

and suppressing the erroneous query. When the
probe distribution differs from the target evalua-
tion distribution, this coupled update may over-
emphasize probe-specific SQL realizations.

In contrast, the TTU-SQL training procedure
decouples suppression and recovery: LNPO sup-
presses πθ(ŷ|x), while LSFT recovers SQL genera-
tion on DP . This separation allows the unlearning
stage to focus on weakening localized wrong con-
tinuations, while the recovery stage restores general
SQL generation ability.

Empirical comparison. Table 13 compares DPO
and NPO-based objectives under the same model
setting. DPO-only obtains 35.49% EX, indicat-
ing that directly applying pairwise preference opti-
mization is unstable in this setting. Adding recov-
ery SFT improves DPO to 62.96%, but it remains
below TTU-SQL at 65.57%. NPO-only obtains
44.20%, confirming that unlearning alone is not suf-
ficient as a final update. The best result is achieved
by TTU-SQL, which combines localized unlearn-
ing with recovery SFT. These results support the
suppress-then-recover design rather than a coupled
preference-optimization objective.

F Case Studies

F.1 A Successful Local Repair

Table 14 shows a case where Part-NPO removes an
unnecessary structural continuation while preserv-
ing the correct prefix.

Field Content

Question Find names of customers with orders
for both product A and B.

Before NPO SELECT ... WHERE o.product =
’A’ AND o.product = ’B’

After NPO Still wrong.
Gold behavior Requires an INTERSECT structure or a

double-JOIN formulation.
Failure type Global SQL planning.
Outcome Not resolved by token-level unlearning

alone.

Table 15: A failure case requiring global query planning
rather than local token-level repair.

In this case, the model incorrectly adds a GROUP
BY clause after a counting query. The divergent to-
ken corresponds to a local structural decision. Sup-
pressing this continuation removes the unnecessary
grouping behavior while preserving the correct pre-
fix SELECT count(*) FROM singer.

F.2 A Failure Case Requiring Global Planning
Table 15 shows a failure case where the required
correction is not a local token-level preference
change. Instead, the example requires global SQL
planning.

This error is not primarily a single-token local
preference issue. It requires global SQL planning
and compositional reasoning over two simultane-
ous conditions. Such cases exceed the intended
scope of token-level unlearning and motivate fu-
ture work on structure-level repair.
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