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Abstract
Schema linking is a crucial step in Text-to-SQL
systems, connecting natural language mentions
to relevant database tables and columns. De-
spite recent advances in LLM-based Text-to-
SQL models, current approaches face two fun-
damental limitations: (1) providing detailed
column descriptions inflates the input context,
often exceeding the model’s effective sequence
length, and (2) predicting multi-token column
names increases output complexity, making the
task fragile to generation errors. To address
these challenges, we propose SchemaToken,
which represents each database column as a
dedicated token in the LLM’s vocabulary. This
design compresses column semantics into sin-
gle embeddings, reducing context length and
simplifying prediction. We introduce a two-
stage training paradigm: (i) Semantic Align-
ment, which enables the LLM to understand
the newly added schema tokens via structured
embeddings, and (ii) Pseudo-task Alignment,
which trains the LLM to generate these to-
kens as an unordered set using reinforcement
learning with a Jaccard-based reward. Experi-
ments on multiple benchmark datasets demon-
strate that SchemaToken significantly improves
schema linking performance, particularly for
large and complex schemas, while maintain-
ing computational efficiency. Our code is
publicly available at https://github.com/
MrBlankness/SchemaToken.

1 Introduction

Schema linking is a fundamental component of
Text-to-SQL systems, which enables users to query
databases using natural language (Liao et al.,
2025b; Gao et al., 2024; Liu et al., 2026). The
core objective of schema linking is to identify
and connect mentions in a natural language ques-
tion to relevant tables and columns within a given
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Figure 1: Illustration of key differences between ex-
isting schema linking methods (top) and our proposed
approach (bottom). Real-world examples are taken
from the financial (left) and college_completion (right)
databases in the BIRD (Li et al., 2023b) dataset.

database schema (Pourreza and Rafiei, 2023; Qu
et al., 2024a; Lee et al., 2025). This task is cru-
cial for accurately translating user queries into ex-
ecutable SQL statements, thereby democratizing
data access for non-technical users. The impor-
tance of robust schema linking has grown with
the increasing demand for intuitive and intelligent
database interfaces, particularly in complex enter-
prise environments where databases often contain
hundreds of tables and thousands of columns (Li
et al., 2023a).

Recent advancements in Large Language Mod-
els (LLMs) (Zhang et al., 2026b; Yang et al.,
2026a; Ding et al., 2025) have shown promising
results across various natural language process-
ing tasks, including Text-to-SQL generation (Liao
et al., 2025b; Gao et al., 2024). For schema linking,
LLMs are typically provided with the natural lan-
guage query, the database schema, and predict the
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relevant columns. However, current LLM-based
approaches to schema linking face significant chal-
lenges.

1. Semantics-Augmentation-Induced Context
Expansion. As illustrated in Fig. 1 (left),
schema names in databases often exhibit lim-
ited informativeness (e.g., “A1”, “A2”) or rely
on domain-specific abbreviations (e.g., “ROI”
denoting “Return on Investment” in the fi-
nancial database). Consequently, existing ap-
proaches (Wang et al., 2025; Talaei et al., 2024;
Pourreza et al., 2025) typically require provid-
ing detailed column descriptions to assist LLMs
in interpreting the semantics of such schema
names. However, this necessity introduces ad-
ditional context that significantly increases the
sequence length, thereby heightening the risk of
the lost-in-the-middle (Liu et al., 2024b). Our
preliminary experiments reveal a significant de-
cline in schema linking recall as the input col-
umn cardinality increases, suggesting limitation
in LLMs’ ability to process and effectively uti-
lize very long input sequences for this task.

2. Multi-Token-Induced Prediction Fragility.
When an LLM predicts a column, it must
generate the entire column name, token by
token. For instance, as shown in the
upper-right corner of Fig. 1 (right), predict-
ing a column like “state_sector_details.
awards_per_natl_value” requires generating
nine consecutive tokens ( state , _sector ,
_details , .aw , ards , _per , _nat ,
l , _value ) in the correct sequence. This

multi-token generation for each column signif-
icantly increases the complexity and difficulty
of the schema linking task, as a single predic-
tion error (e.g., a missing or incorrect token)
renders the entire column prediction incorrect.
Our second exploratory experiment indicates
that schema linking recall decreases notably as
the token length per column increases, further
highlighting the output generation limitation.

Our Core Idea: To mitigate these issues, we pro-
pose SchemaToken, it represents each database col-
umn as a single, dedicated token within the LLM’s
vocabulary. By expanding the LLM’s vocabulary
to include these unique column tokens, we aim to
compress the rich information of each column (its
name, description, and semantic context) into a sin-
gle embedding. This approach directly addresses
the input limitation by eliminating the need to pro-

vide explicit column descriptions in the context
window, as the LLM would have implicitly learned
the column’s meaning through its corresponding
token embedding. Simultaneously, it resolves the
output limitation: schema linking simply becomes
a task of predicting these single column tokens,
dramatically simplifying the output space and re-
ducing the chance of generation errors.

To achieve this, we introduce a two-stage train-
ing strategy:

1. SchemaToken Understanding via Semantic
Alignment: The first stage focuses on enabling
the LLM to understand the meaning encapsu-
lated within each new token. At this stage,
we freeze the original LLM and train only the
schema-token/codebook embeddings via SFT.
However, to overcome the limitations of inde-
pendent token learning and to capture the re-
lational structure inherent in database schemas
(e.g., primary/foreign keys, intra-table column
relationships), we draw inspiration from RQ-
VAE (Rajput et al., 2023). Instead of a single,
independent embedding, each column token’s
embedding is composed from a combination of
“Table CodeBooks” and “Column CodeBooks”
embeddings. This allows us to construct hierar-
chical and relationally-aware token embeddings,
enriching the training information for each to-
ken through a more structured data flow.

2. SchemaToken Generating via Pseudo-task
Alignment: The second stage addresses the
challenge of enabling the LLM to generate the
newly introduced schema tokens in the con-
text of schema linking. To this end, we extend
the LLM’s output layer by modifying its lan-
guage modeling head (LM_Head), such that it
explicitly maps hidden representations to the
expanded vocabulary, which includes the new
schema tokens. During this stage, the learned
schema-token/codebook embeddings are frozen,
while LoRA/adaptation parameters and the ex-
tended LM_Head are updated. Given that schema
linking often involves predicting an unordered
set of columns, traditional SFT, which forces
an ordered generation sequence, is suboptimal.
Therefore, we employ Reinforcement Learn-
ing (RL), specifically GRPO (Shao et al., 2024;
Ding et al., 2026a), for this stage. We design a
reward function based on the Jaccard similarity
between the predicted set of column tokens and
the ground truth set of columns. This RL-based
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Figure 2: Semantics-Augmentation-Induced Con-
text Expansion: Column recall drastically declines as
the number of columns increases, highlighting context-
length limitations in large-scale databases.

approach allows the LLM to learn to generate
the correct set of columns irrespective of their
order, directly optimizing for the schema linking
objective.

Our Contributions are summarized as follows:

1. Insightful Analysis: We provide a detailed anal-
ysis of the inherent limitations of current LLM-
based schema linking methods, particularly con-
cerning context window length and output gener-
ation complexity. Our exploratory experiments
empirically validate these limitations, providing
strong motivation for our tokenization-based ap-
proach.

2. Methodology Design: We propose
SchemaToken, a novel method to repre-
sent each database schema as a unique LLM
token. In addition, we designed a two-stage
training paradigm, including SchemaToken
Understanding via Semantic Alignment and
SchemaToken Generating via Pseudo-task
Alignment to assist LLM in understanding and
generating these newly added schema tokens in
the context of schema linking.

3. Empirical Demonstration: We conducted ex-
tensive experiments on two publicly available
datasets, and the experimental results demon-
strated the effectiveness of the SchemaToken
and demonstrated its feasibility on large-scale
databases,

2 Observation & Motivation

Semantics-Augmentation-Induced Context Ex-
pansion. To investigate the relationship between
schema linking performance and context length, we
conducted an exploratory experiment on the Spi-
der 2.0 (Lei et al., 2025) benchmark. Specifically,
we selected CENSUS_BUREAU_ACS_2 database
with 296 tables and 68,434 columns, and simulate
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query and a database schema, identify 
and return only the columns that are 
relevant for generating the correct SQL.
Query: {query}
Database schema: 
…
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Figure 3: Multi-Token-Induced Prediction Fragility:
Column recall decreases as per-column token length
grows, showing prediction fragility due to multi-token
representations.

schema linking scenarios at different column scales
by removing tables (& columns) that are irrelevant
to the current query. As shown in Fig. 2, the re-
call of column prediction with Qwen3-8B exhibits
a drastic performance decline as the number of
columns increases. Moreover, when the number of
columns reaches 8,850, the context length already
exceeds the 128K window of Qwen3-8B, making
schema linking infeasible.
Observation I: Augmenting schema descriptions
inevitably inflates the context length, thereby ex-
acerbating the risk of lost-in-the-middle and sig-
nificantly degrading schema linking performance,
especially in large-scale databases.
Multi-Token-Induced Prediction Fragility. We
further explored the relationship between schema
linking performance and the token length of indi-
vidual columns. To achieve this goal, we employ
GPT-4 (Achiam et al., 2023) to generate multiple
variants of each column name based on the original
column name and its associated description. Using
high-temperature sampling, we generate 10 candi-
date column names per column and then sort these
variants by their token lengths, thereby simulat-
ing schema linking scenarios under different token
budgets. As illustrated in Fig. 3, experimental re-
sults demonstrate a consistent performance decline
in column recall for Qwen3-8B as the per-column
token length grows.
Observation II: Multi-token representations of
columns induce prediction fragility, making schema
linking increasingly difficult as the number of re-
quired output tokens grows.
Summary. Taken together, these two exploratory
studies highlight fundamental limitations in cur-
rent schema linking approaches. On the input side,
the reliance on column descriptions leads to exces-
sive context expansion, while on the output side,
multi-token column representations induce fragile
prediction requirements. These observations mo-
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tivate us to design a novel solution: compressing
each database column into a single learnable
token. By doing so, we simultaneously mitigate
context expansion and prediction fragility, thereby
enabling more efficient and robust schema linking
with LLMs.

3 Methodology

Table 5 in Appendix B.1 summarizes the key nota-
tions used in SchemaToken.
SchemaToken aims to enable large language

models (LLMs) to understand and generate
database-specific tokens for schema linking tasks,
while mitigating the semantic insufficiency and con-
text expansion issues inherent to textual schema
descriptions. As illustrated in Fig. 4, SchemaToken
consists of three components: (a) framework
design with codebooks-based token embedding
and extension of LM_head, (b) SchemaToken
understanding via semantic alignment, and (c)
SchemaToken generating via pseudo-task align-
ment.

3.1 Task Definition: Schema Linking
Given a natural language query q and a database
schema S = {(ti, Ci)}N̂i=1, where ti is the i-th table,

Ci = {cij}M̂i
j=1 represents its set of columns, N̂ is

the number of tables in the database and M̂i is the
number of columns in the i-th table. The objective
of schema linking is to predict a subset C∗ ⊆ ⋃

i Ci
that are semantically relevant to q. Formally, the
task is defined as:

fθ : (q,S) → C∗, (1)

where θ denotes the parameters of the LLM. This
can be viewed as a multi-label classification or set
prediction problem, where the order of predicted
columns typically does not matter.

3.2 Framework of SchemaToken
As shown in Fig. 4 (a), SchemaToken expands the
LLM vocabulary to include new schema tokens and
modifies the language modeling head LM_head to
map hidden states into the extended token space,
enabling the LLM to both understand and output
these schema tokens.
Schema Token Construction. Inspired by Resid-
ual Quantized Variational Autoencoders (RQ-
VAE) (Rajput et al., 2023), SchemaToken con-
structs schema tokens through a residual quan-
tization mechanism. Specifically, two L-level

codebooks are introduced: a Table CodeBooks
BT = {bT

1 , . . . ,b
T
N} and a Column CodeBooks

BC = {bC
1 , . . . ,b

C
N}, where L is the identifier

length and N denotes the codebook size. Each
schema token τ is represented by:

eτ = etab + ecol, (2)

etab =

LT∑

l=1

q
(l)
T (ht), q

(l)
T (ht) ∈ BT , (3)

ecol =

LC∑

l=1

q
(l)
C (hc), q

(l)
C (hc) ∈ BC . (4)

Here, q(l)T and q
(l)
C denote the l-th quantization level

functions applied to table and column represen-
tations, respectively. This residual quantization
mechanism effectively decomposes semantic infor-
mation into multi-level discrete components, ensur-
ing both compactness and expressiveness. Follow-
ing the standard setup of RQ-VAE (Rajput et al.,
2023), we utilize a random initialization strategy
for the codebook embeddings prior to semantic
alignment training.
LM_head Extension. To enable the LLM to
generate the newly introduced schema tokens,
SchemaToken extends the original language mod-
eling head LMhead to map hidden representations
into the expanded vocabulary space. Let Vorig de-
note the original vocabulary and Vschema the set of
schema tokens, the total vocabulary becomes

V ′ = Vorig ∪ Vschema, |V ′| = |Vorig|+ |Vschema|.
(5)

The output logits of the LLM are computed as:

z = LM_head′(h) = W′h+ b′, (6)

where h ∈ Rd is the hidden state of the final trans-
former layer, and W′ ∈ R|V ′|×d, b′ ∈ R|V ′| are
learnable parameters of the extended output layer.

To ensure stable adaptation, W′ and b′ are ini-
tialized as:

W′ =

[
Worig

0

]
, b′ =

[
borig

0

]
, (7)

3.3 SchemaToken Understanding via Semantic
Alignment

As illustrated in Fig. 4 (b), SchemaToken aligns the
meaning of schema tokens with their corresponding
textual semantics via supervised fine-tuning (SFT).
During this stage, the original LLM is frozen, and
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Figure 4: Framework of SchemaToken. (a) illustrates that we extend the LLM’s vocabulary by introducing two
codebooks to represent the embedding of each schema tokens. Meanwhile, we expand the LLM’s LM_head to enable
it to generate these newly added schema tokens. (b) illustrates that we leverage the descriptions corresponding
to schema tokens to train the model to memorize the semantics of these tokens, while incorporating semantic
regularization and diversity regularization to enhance training. (c) illustrates that we employ a pseudo-task analogous
to schema linking to train the LLM to generate the extended schema tokens. In this stage, a Jaccard similarity–based
reward function is constructed to perform reinforcement learning optimization.

only the schema-token/codebook embeddings in
BT and BC are updated. The learning objective
combines two regularization terms: semantic regu-
larization and diversity regularization.
Semantic Regularization. Given a user instruc-
tion x that describes a schema token τ , the model
is trained to generate the corresponding semantic
output y. The SFT loss of semantic is defined as:

LSem = −E(x,y)

|y|∑

t=1

log pθ(yt | y<t, x), (8)

where pθ denotes the LLM output distribution.
Multiple prompt templates are used to augment
limited schema descriptions, as detailed in Ap-
pendix. B.3.
Diversity Regularization. To alleviate assignment
bias (Wang et al., 2024) within the codebooks,
SchemaToken encourages a uniform distribution of
embeddings in the latent space. For each codebook
B, we perform k-means clustering to obtain K
groups {G1, . . . ,GK}. We then regularize the clus-
tered code embeddings by a diversity loss, which
is defined as

LDiv = − 1

B

B∑

i=1

exp(< eic, e+ >)
∑N−1

j=1 exp(< eic, ej >)
, (9)

where < ·, · > denotes the inner product, and B
is the batch size, eic is the nearest code embedding

of schema token τ , e+ denotes the code embed-
ding of a randomly selected sample from the same
cluster of code c, and ej∈{1,...,N}\c represents all
code embeddings from the codebook except for ec.
Intuitively, we pull the code embeddings from the
same cluster closer and push the embeddings of
codes from different clusters away from each other,
thus encouraging diversity of the code embeddings
and alleviating the code assignment bias issue.

The total training objective for this stage is:

Lalign = LSem + αLDiv, (10)

where α balances semantic accuracy and embed-
ding diversity.

3.4 SchemaToken Generating via Pseudo-task
Alignment

The second stage focuses on enabling the LLM to
output the relevant schema tokens for the schema
linking task. Unlike traditional sequence gener-
ation, schema linking requires predicting an un-
ordered set of columns. Standard SFT typically
optimizes for a fixed output sequence, which is
sub-optimal for set prediction. To address this, we
frame schema linking as a Reinforcement Learning
problem and employ Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024; Liao et al.,
2025a; Ding et al., 2026b).

As shown in Fig. 4 (c), we design a pseudo-task
that mimics multi-column prediction: let the LLM
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Methods
Spider-dev BIRD-dev Spider 2.0

Schema Linking T2SQL Schema Linking T2SQL Schema Linking T2SQL‡
SRR NSR NSP NSF EX SRR NSR NSP NSF EX SRR NSR NSP NSF EX

RESDSQL 81.7 87.9 20.1 32.7 76.9 48.6 75.7 28.4 41.3 33.5 8.3 34.1 20.1 25.3 6.7
CodeS 80.4 87.4 20.0 32.6 74.6 58.3 77.9 28.1 41.3 36.8 23.3 55.6 27.4 36.7 16.7

Qwen3-1.7B

Prompt 38.3 60.4 61.9 61.1 41.1 7.5 37.0 53.1 43.6 10.8 12.5 27.0 16.7 20.6 10.0
MCS-SQL 64.5 79.8 47.1 59.2 58.6 41.5 79.2 33.6 47.2 23.6 20.0 50.9 16.0 24.3 13.3
TA-SQL 51.1 65.3 47.0 54.7 22.2 34.2 65.9 74.7 70.0 20.3 1.7 12.9 16.9 14.6 1.7
RSL-SQL 77.3 85.4 38.2 52.8 64.2 79.2 93.6 31.3 46.9 27.3 52.5 70.6 17.0 27.4 20.0

SchemaToken 80.5 88.7 56.4 69.0 67.9 80.6 95.2 61.4 74.7 31.7 63.3 76.8 34.0 47.1 25.8
Impro (%) 4.1 3.9 -8.9 12.8 5.8 1.7 1.7 -17.8 6.6 16.3 20.6 8.8 100.0 72.0 29.2

Qwen3-8B

Prompt 47.0 67.6 76.0 71.6 55.4 10.5 45.4 74.0 56.3 18.4 9.2 47.1 59.7 52.7 6.7
MCS-SQL 72.9 83.5 66.1 73.8 74.0 47.9 82.3 66.1 73.3 40.6 35.0 71.7 39.8 51.2 18.3
TA-SQL 63.2 75.6 63.3 68.9 42.6 50.7 77.7 80.7 79.2 36.4 10.0 24.5 26.0 25.2 8.3
RSL-SQL 76.8 84.8 58.1 69.0 77.9 82.1 94.4 47.3 63.0 47.9 70.0 84.4 21.7 34.5 21.7

SchemaToken 82.4 88.6 67.4 76.6 80.2 84.2 96.2 74.1 83.7 51.2 80.0 85.5 44.6 58.6 30.0
Impro (%) 7.3 4.5 -11.3 3.8 2.9 2.5 1.9 -8.2 5.7 7.0 14.3 1.3 -25.3 11.3 38.5

LLaMA3.1-8B

Prompt 38.2 62.4 74.8 68.0 40.8 6.7 42.1 69.0 52.3 16.0 6.7 33.7 38.8 36.1 6.7
MCS-SQL 69.4 82.3 43.9 57.3 63.2 53.6 84.5 45.2 58.9 36.4 23.3 60.0 34.8 44.1 16.7
TA-SQL 47.5 60.7 28.2 38.5 13.8 30.9 56.9 68.5 62.2 10.3 4.2 10.8 12.2 11.5 4.2
RSL-SQL 78.7 85.6 41.3 55.7 71.1 88.2 96.8 32.3 48.4 43.4 61.7 78.4 22.6 35.1 20.0

SchemaToken 82.7 89.4 58.6 70.8 77.8 90.2 97.1 49.1 65.2 48.6 69.2 81.4 45.5 58.4 26.7
Impro (%) 5.1 4.4 -21.7 4.0 9.4 2.3 0.3 -28.8 4.9 12.1 12.1 3.8 17.3 32.5 33.3

Table 1: Performance comparison of various baseline and SchemaToken across three backbone LLMs on three Text-
to-SQL (T2SQL) datasets. All evaluation metrics are defined such that higher values indicate better performance
(↑). The best results are highlighted in bold, while the second-best results are underlined within each backbone
group. The Impro (%) indicates the relative improvement of SchemaToken over the second-best performance. ‡
indicates that the SQL generator for this set of tasks is GPT-4.

serve as our policy model, πθ, which takes as input
an instruction describing several schema tokens
q′ (m ∈ [ϵ̌, ϵ̂]), where ϵ̌ and ϵ̂ denote the lower
and upper bounds, respectively, on the number of
columns considered in schema linking. The policy
outputs a sequence of tokens, which we interpret
as a predicted set of schema tokens Ĉ.
Jaccard-based Reward. The reward function
R(Ĉ, Ctrue) is designed to directly optimize the
set prediction quality. We use the Jaccard similar-
ity between the predicted set of columns Ĉ and the
ground truth set Ctrue:

R(Ĉ, Ctrue) = J(Ĉ, Ctrue) =
|Ĉ ∩ Ctrue|
|Ĉ ∪ Ctrue|

The objective of GRPO is to maximize the expected
cumulative reward:

max
θ

EĈ∼πθ
[J(Ĉ, Ctrue)]

During this stage, the learned schema-
token/codebook embeddings are frozen to

preserve semantic stability, and we update the
LoRA/adaptation parameters together with the
extended LMhead using the GRPO algorithm. We
collect trajectories by having the LLM generate
sequences of column tokens, which are then
evaluated against the ground truth to compute
the Jaccard similarity reward. This allows the
LLM to learn a policy that effectively identifies
and generates the correct set of column tokens,
regardless of their generation order, thereby
directly optimizing for the schema linking task.

4 Experiment

Detailed experimental setups, including datasets,
evaluation metrics, baselines, and implementation
details, are provided in Appendix C.

4.1 Experimental Results
Comparison with Recent Literature. As shown
in Table. 1, we compare SchemaToken with sev-
eral state-of-the-art approaches across three Text-
to-SQL benchmark datasets. To comprehensively
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Methods
Spider-dev BIRD-dev Spider 2.0

Schema Linking T2SQL Schema Linking T2SQL Schema Linking T2SQL‡
SRR NSR NSP NSF EX SRR NSR NSP NSF EX SRR NSR NSP NSF EX

Full model
SchemaToken 82.4 88.6 67.4 76.6 80.2 84.2 96.2 74.1 83.7 51.2 80.0 85.5 44.6 58.6 30.0

Tokenization and system integration controls
w/o SchemaToken (RSL-SQL) 76.8 84.8 58.1 69.0 77.9 82.1 94.4 47.3 63.0 47.9 70.0 84.4 21.7 34.5 21.7
SchemaToken→ SFT 78.6 84.5 61.5 71.2 77.9 82.1 94.4 52.3 67.3 48.5 73.4 74.1 30.5 43.2 24.6
SchemaToken→ RL 76.8 85.9 63.5 73.0 77.9 83.5 95.4 60.5 74.0 47.9 70.7 85.6 32.6 47.2 21.7
w/o RSL-SQL 75.9 83.5 60.5 70.2 76.4 80.6 93.4 58.5 71.9 45.8 75.4 85.5 38.8 53.4 26.6

Training objective controls
RL → SFT 78.9 85.2 60.4 70.7 78.5 82.6 95.1 56.8 71.1 48.5 72.6 85.1 23.8 37.2 24.6
Jaccard → Binary Reward 80.5 84.4 64.2 72.9 78.7 80.6 90.7 70.2 79.1 46.0 67.5 74.2 32.6 45.3 20.0
Jaccard → F1 Reward 81.3 82.0 56.4 66.8 76.4 82.1 91.8 76.2 83.3 50.5 77.5 82.5 45.1 58.3 26.6

Embedding and codebook controls
w/o Semantic Alignment 67.1 70.2 42.4 52.9 61.0 65.3 71.6 46.9 56.7 31.7 56.7 64.4 42.8 51.4 10.0
w/o Table CodeBooks 81.7 86.2 68.1 76.1 79.8 83.7 94.3 75.0 83.5 50.6 75.0 79.1 44.0 56.5 26.7
w/o Diversity Regularization 81.3 84.5 69.5 76.3 79.7 83.1 92.9 75.9 83.5 49.8 75.8 78.6 45.8 57.9 25.0

Table 2: Ablation and component isolation studies of SchemaToken using Qwen3-8B as backbone LLM on three Text-
to-SQL (T2SQL) datasets. Rows are grouped by their experimental purpose: removing the complete tokenization
paradigm or its system integration, changing the training objective, and ablating embedding/codebook components.
All evaluation metrics are defined such that higher values indicate better performance (↑). The best results are
highlighted in bold. ‡ indicates that the SQL generator for this set of tasks is GPT-4.

evaluate the effectiveness of SchemaToken, we em-
ploy backbone LLMs with diverse architectures
and scales. Due to the fact that small-parameter
models achieve near-zero SQL generation perfor-
mance on Spider 2.01, we adopt a backbone model
as the generation model for schema linking and use
GPT-4 as the Text-to-SQL generation model for
the Spider 2.0 task. In the schema linking task, ex-
perimental results demonstrate that SchemaToken
outperforms the baselines under the same back-
bone on the SRR, NSR, and NSF metrics, with
the only exception being the NSP metric, where it
falls short of some alternatives. This indicates that
SchemaToken predicts more columns compared to
other methods, resulting in higher recall (as re-
flected in SRR and NSR) but a lower precision (as
reflected in NSP). Nevertheless, the superior per-
formance of SchemaToken on the NSF metric high-
lights the effective trade-off it achieves in this task.
Notably, as schema linking serves as a prerequisite
step for Text-to-SQL, recall—particularly SRR—is
critical, since missing relevant columns can lead to
failures in subsequent Text-to-SQL execution. The
results on the Text-to-SQL task further confirm
this, with SchemaToken achieving optimal perfor-
mance across all backbone-controlled comparisons.
Overall, compared to the second-best performance
within each backbone group, SchemaToken yields
an average relative improvement of 7.8%↑ in SRR,

1https://spider2-sql.github.io/

3.4%↑ in NSR, 17.1%↑ in NSF and 17.1%↑ in
EX across all settings, confirming its strong perfor-
mance. We further analyze the effect of irrelevant-
column noise in Appendix D.4 and Fig. 8, which
shows that moderate precision degradation has a
much smaller downstream impact than missing
required columns. A finer-grained analysis by
database scale is provided in Appendix D.3, show-
ing that the advantage of SchemaToken becomes
especially pronounced on large schemas.

Ablation Studies. We verify the effectiveness
of SchemaToken through the hierarchical abla-
tion and component-isolation study in Table 2,
using Qwen3-8B as the backbone LLM across
three benchmark datasets. First, the tokenization
and system-integration controls isolate where the
overall gain comes from. The w/o SchemaToken
(RSL-SQL) row replaces the full paradigm with
the strongest backbone-controlled baseline, show-
ing that database-specific schema tokenization im-
proves SRR by 5.6%↑ on Spider-dev and 10.0%↑
on Spider 2.0. The SchemaToken → SFT and
SchemaToken → RL rows remove schema-specific
tokens while retaining the corresponding training
strategy and directly predicting original column
names; their weaker SRR, NSF, and EX results
show that the gains are not merely due to extra
SFT/RL training, but are closely tied to the schema-
token representation. The w/o RSL-SQL row re-
moves the integration with RSL-SQL and demon-
strates that SchemaToken remains effective as a
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Methods Train Time
(Stage 1)

Train Time
(Stage 2)

Infer Latency
(Input Tokens)

Infer Latency
(Output Tokens)

Memory
Usage

Prompt N/A N/A 18.0k 128.5 26.7G
MCS-SQL N/A N/A 1080.5k 7710.3 26.7G
TA-SQL N/A N/A 56.1k 136.8 42.8G
RSL-SQL N/A N/A 42.3k 532.4 31.9G
SchemaToken 0.1h 4.3h 1.5k 16.7 16.5G

Table 3: Computational overhead of SchemaToken and
baseline methods using Qwen3-8B on Spider 2.0.

standalone schema linker while also being comple-
mentary to existing strong systems. Second, the
training-objective controls compare unordered-set
optimization choices. Replacing RL with SFT de-
grades performance because SFT imposes an arbi-
trary output order on schema columns, whereas
RL directly optimizes the unordered prediction
objective. Within RL, the Jaccard reward outper-
forms both the binary reward and the F1 reward
on most recall, F1, and downstream EX metrics;
the binary reward is especially sparse because the
model receives positive feedback only when all
relevant columns are predicted exactly. Third, the
embedding and codebook controls validate the in-
ternal design of SchemaToken. Removing Seman-
tic Alignment produces the largest performance
drop, indicating that the LLM must first understand
the meanings of the newly introduced schema to-
kens. Removing Table CodeBooks also hurts per-
formance because column tokens lose table-level
structural information. Removing Diversity Reg-
ularization improves precision in some cases but
reduces recall-oriented and downstream metrics,
suggesting that balanced codebook usage is impor-
tant for robust schema linking.

Computational Overhead Analysis. We evalu-
ate the computational overhead of SchemaToken
against baseline methods in Table 3. While
SchemaToken incurs a one-time training cost (4.4
hours in total across two stages), it achieves mas-
sive inference efficiency gains by eliminating ver-
bose context. Specifically, compared to the prompt-
based baseline, SchemaToken reduces the input to-
kens from 18.0k to just 1.5k and the output tokens
from 128.5 to 16.7. This drastic reduction in se-
quence length leads to a significant decrease in
inference latency and peak memory usage (from
26.7G to 16.5G). Other baselines like MCS-SQL
and TA-SQL incur even higher inference overheads.
Thus, SchemaToken trades a modest one-time train-
ing cost for highly efficient and scalable inference.

Context Expansion & Prediction Fragility of
SchemaToken. As shown in Fig. 2 and Fig. 3, we

also analyze SchemaToken in terms of Context Ex-
pansion and Prediction Fragility. Fig. 2 indicates
that although LLM performance decreases as the
number of columns increases, the decline is rela-
tively moderate compared to traditional methods
that require adding descriptive information. Fur-
thermore, SchemaToken significantly reduces the
context window, enabling the schema linking task
to scale to larger databases. Fig. 3 shows that the
performance of SchemaToken does not vary with
the number of tokens in column names. This is be-
cause, regardless of the number of tokens a column
name contains, SchemaToken compresses it into
a single token, making the prediction complexity
independent of token count.

Visualization and Interpretability of SchemaTo-
ken Embeddings To understand the "black box"
of our learned embeddings, we analyzed the token
embeddings post-training. We extracted the high-
dimensional embeddings of SchemaToken and ap-
plied t-SNE dimensionality reduction to project
them onto a 2D plane. Specifically, we conducted
our analysis on the formula_1 database from the
BIRD dev dataset, which contains 13 tables and 92
columns.

As clearly illustrated in Fig. 5, tokens be-
longing to the same table naturally cluster to-
gether in the latent space. The experimen-
tal results demonstrate that SchemaToken suc-
cessfully aggregates columns from the same ta-
ble into closely bound spatial neighborhoods.
In stark contrast, the ordinary RL strategy
(shown on the left) completely fails to produce
this structural clustering effect. Furthermore,
SchemaToken accurately maps identical columns
across tables (e.g., results.constructorId
and constructors.constructorId) into adja-
cent spaces, capturing semantic overlaps like pri-
mary/foreign keys. Unlike the naive RL strategy
which struggles with consistent semantic mapping,
our method effectively captures both structural con-
straints and semantic similarities simultaneously.

5 Discussion and Conclusion

Global Information in Schema Linking. RAG
is generally suitable for retrieving independent,
self-contained documents. However, tables and
columns within a relational database exhibit a high
degree of interdependence. Schema linking re-
quires reasoning over the global database struc-
ture. For instance, linking a natural language men-
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Figure 5: t-SNE visualization of the learned embeddings
for the formula_1 database. Left: The naive RL strat-
egy fails to cluster columns by tables and struggles with
consistent semantic mapping. Right: SchemaToken
embeddings form distinct, tightly grouped clusters for
different tables while preserving relative semantic dis-
tances between related domains (e.g., identical columns
acting as foreign keys), demonstrating strong structural
and semantic discriminative capability.

tion like “student age” might necessitate joining
a student table with a demographics table via
foreign keys. RAG frameworks compute similari-
ties between the user query and individual columns
in strict isolation, completely ignoring the global
structural paths (e.g., primary/foreign key relation-
ships) of the database. Such localized similarity
matching frequently retrieves columns that are lexi-
cally plausible but structurally disconnected, result-
ing in irrational retrieval decisions and fatal SQL
errors. Consequently, empirical evidence (Maa-
mari et al., 2024; Zhang et al., 2025) and our exper-
iments (see Appendix D.8) demonstrate the ineffec-
tiveness of such approaches, confirming that RAG
is fundamentally unsuited for the schema linking
task.
When to Use Prompt vs. SchemaToken. Unlike
existing prompt-based methods, SchemaToken re-
quires a two-stage training process tailored to the
target database. Therefore, the choice between
these paradigms depends on the operational sce-
nario: in ad-hoc query scenarios or rarely accessed
personal databases, the zero training overhead of
prompt-based methods makes them more favor-
able; conversely, in production enterprise environ-
ments or BI platforms where the system is fre-
quently queried, SchemaToken is vastly superior
due to its significantly lower inference latency and
memory costs, which quickly amortize the one-
time training overhead. This design does not as-
sume that database contents are static: inserting,
deleting, or updating records does not affect the
learned schema tokens. Adaptation is only needed
when the schema itself evolves, and in such cases
SchemaToken can update the affected schema to-

kens rather than rebuilding the entire system from
scratch, as analyzed in Appendix D.7. We pro-
vide a detailed break-even analysis quantifying this
trade-off in Appendix F.

Conclusion. In this work, we presented a novel
tokenization-based approach, SchemaToken, for
schema linking in Text-to-SQL systems. By repre-
senting each database column as a single LLM to-
ken and employing a two-stage training paradigm,
SchemaToken effectively mitigates both context ex-
pansion and multi-token prediction challenges in-
herent in current LLM-based methods. Our ex-
periments show that SchemaToken consistently im-
proves schema linking recall and robustness, par-
ticularly in large-scale and complex database sce-
narios.

Limitations and Future Work

While SchemaToken effectively mitigates input ex-
pansion and output fragility in LLM-based schema
linking, it introduces a one-time training over-
head. Consequently, its zero-shot applicability to
entirely unseen databases is constrained compared
to training-free prompt-based methods, as applying
SchemaToken to a new database currently requires
performing the two-stage alignment. This makes
SchemaToken most suitable for relatively stable,
high-query-volume databases, and less suitable for
one-off exploratory settings or databases whose
schemas change too frequently. Additionally, the
performance of SchemaToken relies to some extent
on the quality of column descriptions used dur-
ing the Semantic Alignment stage, although our
experiments demonstrate robustness to variations
in description generators. Finally, regarding data
dependency, the exact training corpora of many
LLMs remain opaque, making absolute verification
of data contamination challenging.

Future work will focus on removing the retrain-
ing requirement for new databases, potentially by
developing a universal schema encoder that can
map any unseen schema into the SchemaToken
space in a zero-shot manner. We also plan to ex-
plore applying this single-token compression con-
cept to other structured reasoning and retrieval
tasks, such as API tool selection, Knowledge Graph
entity linking, and federated database querying un-
der privacy-preserving constraints.
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Ethical Considerations

This work aims to improve the interpretability
and efficiency of LLM-based database query-
ing, thereby enhancing data accessibility for non-
technical users. However, extending LLM vocab-
ularies to encode private or proprietary database
schemas raises potential privacy concerns if such
models are not properly isolated or anonymized.
We emphasize that all experiments in this paper are
conducted on publicly available and open-source
datasets and models, ensuring transparency, fair-
ness, and reproducibility. We encourage future
applications of SchemaToken to follow responsible
data governance practices and comply with institu-
tional and legal standards regarding data confiden-
tiality and user privacy.
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A Related Works

Schema Linking. Schema linking plays a piv-
otal role in text-to-SQL systems, aiming to align
natural language queries with their corresponding
tables and columns within a database. To achieve
tighter integration between schema information and
query semantics, several models—such as RAT-
SQL (Guo et al., 2019), SchemaGNN (Bogin et al.,

2019), and ShadowGNN (Chen et al., 2021)—in-
troduce relation-aware self-attention mechanisms
to better capture structural dependencies. Building
upon this direction, SADGA (Cai et al., 2021) pro-
poses a dual-graph architecture that jointly encodes
and aggregates the structural representations of nat-
ural language questions and database schemas.

With the emergence of large language models
(LLMs) demonstrating remarkable performance
across NLP tasks (Zhang et al., 2026a; Wang et al.,
2026; Liao et al., 2026; Yang et al., 2026b), re-
cent research has explored leveraging them for
schema linking. For instance, MCS-SQL (Lee
et al., 2025) employs multiple prompts and diverse
response sampling from LLMs to eliminate irrel-
evant schema elements, thereby mitigating mis-
matches. TA-SQL (Qu et al., 2024a) performs
schema linking by leveraging its Task Alignment
strategy, which guides the LLM to utilize prior task
experiences through in-context learning, thereby re-
ducing hallucinations and improving the accuracy
of linking natural language queries to the correct
database schema elements. RSL-SQL (Cao et al.,
2024) adopts a bidirectional schema linking strat-
egy to more thoroughly exploit external knowledge
from the database and to analyze how the generated
SQL statements align with the elements necessary
to accurately address user queries.

B Methodology Details

B.1 Notation Table

B.2 Algorithm Description

Algorithm 1 provides a step-by-step description of
the SchemaToken framework, including both the
Semantic Alignment and Pseudo-task Alignment
stages.

B.3 Prompts in Two-Stage Training

In this section, we provide a detailed introduction
to the prompts used in our framework.

Prompts for Data Augmentation in Seman-
tic Alignment

1. Generate the description for the given
database column. Only output the description
without any additional text.
2. What is the meaning of this database col-
umn? Output only the meaning without any
extra information.
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Schema Linking (Table) Schema Linking (Column)
Datasets #Domains #DB #Table/DB #Column/DB Train Dev Test

MAX MIN AVG MAX MIN AVG

Spider (Yu et al., 2018) 138 200 5.1 27.1 7862 1831 2147 4 1 1.5 9 1 2.8
BIRD (Li et al., 2023b) 37 95 7.3 54.2 9428 1534 1789 4 1 1.8 12 1 4.4
Spider 2.0 (Lei et al., 2025) 213 152 51.7 812.1 / / 120 31 1 2.6 124 2 9.5

Table 4: Overview of datasets used in our experiments.

Symbol Description

q Natural language query
S Database schema
ti The i-th table in the schema
Ci Set of columns belonging to table ti
cij The j-th column of table ti
N̂ Number of tables in the database
M̂i Number of columns in table ti
C∗ Ground-truth set of schema-linked columns
fθ Schema linking function parameterized by θ
θ Parameters of the large language model (LLM)

τ Schema token
eτ Embedding of schema token τ
BT Table codebook
BC Column codebook
bT
n n-th code in the table codebook

bC
n n-th code in the column codebook

LT , LC Number of quantization levels for tables and columns
q
(l)
T (·) l-th table quantization function
q
(l)
C (·) l-th column quantization function
ht Table representation before quantization
hc Column representation before quantization

Vorig Original LLM vocabulary
Vschema Set of schema tokens
V ′ Expanded vocabulary
h Hidden state of the final transformer layer
d Hidden dimension of the LLM
W′,b′ Parameters of the extended LM_head

x Input instruction for semantic alignment
y Target semantic output
LSem Semantic regularization loss
LDiv Diversity regularization loss
α Weight for diversity regularization
Lalign Total alignment loss
B Batch size
K Number of clusters in k-means
Gk The k-th cluster of code embeddings
eic Nearest code embedding for schema token τ
e+ Positive code embedding from the same cluster
ej Code embedding from a different cluster

πθ LLM policy in reinforcement learning
q′ Pseudo-task instruction
m Number of schema tokens in a pseudo-task
ϵ̌, ϵ̂ Lower and upper bounds of m
Ĉ Predicted set of schema tokens
Ctrue Ground-truth set of schema tokens
J(·, ·) Jaccard similarity function
R(Ĉ, Ctrue) Reward function for schema linking

Table 5: Notation Table used in SchemaToken.

3. Provide an explanation for this database
column. Only return the explanation without
any additional context.
4. Explain the function of this database col-
umn. Output just the description of the column

without any extra text.
5. What does this column represent in the
database? Output only the description.
6. Interpret the meaning of this database col-
umn. Only provide the meaning without extra
text.
7. What is the description of this database
column? Output only the description without
any extra text.
8. Can you provide a description for this
database column? Please output only the de-
scription without any additional information.
9. What does this column in the database sig-
nify? Only output the description.
10.Explain the meaning of this database col-
umn. Only answer with the meaning without
any additional text.

Prompts for Data Augmentation in Pseudo-
task Alignment

1. Identify the database columns related to the
following descriptions: {desc_list}.
2. Given these semantic definitions, return the
corresponding schema tokens: {desc_list}.
3. Which database schema tokens match the
following meanings? {desc_list}.
4. Map the provided descriptions to their exact
schema tokens: {desc_list}.
5. Extract the relevant schema tokens that rep-
resent these functions: {desc_list}.
6. Translate the following column descrip-
tions into their corresponding schema tokens:
{desc_list}.
7. Find the database schema tokens that align
with the following semantics: {desc_list}.
8. Please output the schema tokens that
correspond to these column descriptions:
{desc_list}.
9. Retrieve the specific schema tokens rep-
resenting the following database attributes:
{desc_list}.
10. Determine the correct schema tokens for
the database fields described here: {desc_list}.
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C Experimental Setups

C.1 Network Architecture
Our experiments were based on various backbone
LLMs, including the Qwen3 series (Bai et al., 2023)
of various sizes (Qwen3-1.7B and Qwen3-8B) and
LLaMA3.1-8B-Instruct (Touvron et al., 2023). For
Spider 2.0, where small-parameter models achieve
near-zero SQL generation performance, we adopt
the respective backbone model as the generator for
schema linking and use GPT-4 as the Text-to-SQL
generation model.

C.2 Datasets
To evaluate the effectiveness of SchemaToken, we
conducted experiments on three publicly available
Text-to-SQL datasets: BIRD-dev (Li et al., 2023b),
Spider-dev (Yu et al., 2018), and Spider 2.0 (Lei
et al., 2025). Since the Spider-dev and Spider 2.0
datasets do not provide descriptive information for
each column, and some columns in the BIRD-dev
dataset also lack such information, we employed
GPT-4 (Achiam et al., 2023) to assist in generating
these missing descriptions.

• BIRD (Li et al., 2023b) is a comprehensive large-
scale benchmark developed for evaluating Text-
to-SQL models in realistic, cross-domain envi-
ronments. It consists of 12,751 natural language
questions paired with their corresponding SQL
queries, distributed over 95 databases from 37
distinct domains. The dataset is partitioned into
9,428 samples for training, 1,534 for develop-
ment, and 1,789 for testing. By emphasizing
large and diverse databases as well as the inte-
gration of external knowledge, BIRD presents
a highly demanding setting that closely reflects
practical Text-to-SQL challenges.

• Spider (Yu et al., 2018) is another widely used
cross-domain benchmark for Text-to-SQL re-
search. It comprises 10,181 natural language
questions and 5,693 distinct SQL queries cover-
ing 200 databases across 138 different domains.
Two evaluation protocols are commonly adopted:
(i) example split, where 7,862/1,831/2,147 ques-
tions are randomly allocated to train/dev/test
splits, permitting the same database to appear
in multiple partitions; and (ii) database split,
where 206 databases are divided into 130/36/40
for train/dev/test, ensuring each database is exclu-
sive to a single split. Owing to its abundance of
complex SQL structures—including joins, nested

queries, groupings, and orderings—Spider im-
poses substantial challenges for cross-domain
generalization to previously unseen database
schemas.

• Spider 2.0 (Lei et al., 2025) (in our work, we
use the Spider 2.0-snow version) is a large-scale,
cross-domain Text-to-SQL benchmark that sig-
nificantly scales up in database size, query com-
plexity, and SQL dialect diversity compared to
its predecessor. It comprises 120 test examples
across 213 databases, with an average of 812.1
columns per database and 161.8 tokens per SQL
query, reflecting a high degree of schema com-
plexity and query length. Each SQL query in-
volves an average of 6.8 functions, indicating
extensive use of advanced SQL constructs.

C.3 Training Data Construction

We construct the training data for the two alignment
stages only from database schema metadata. For
Semantic Alignment, each training instance con-
sists of a schema token paired with the correspond-
ing column name and column description. BIRD
provides semantic descriptions for most columns,
while Spider-dev and Spider 2.0-snow do not pro-
vide complete column-level descriptions. For miss-
ing descriptions, we use GPT-4 to generate concise
descriptions based on the table name, column name,
and other available schema context, and we use the
prompt templates in Appendix B.3 to augment the
surface form of the instruction.

For Pseudo-task Alignment, training instances
are synthesized online from the target database
schema. We randomly sample a set of m columns,
where m ∈ [ϵ̌, ϵ̂], concatenate their descriptions
into the pseudo-task instruction, and use the cor-
responding unordered set of schema tokens as the
ground-truth target for reward computation. The
model is therefore optimized to recover the correct
schema-token set from semantic descriptions rather
than to memorize benchmark questions.

Importantly, neither stage uses user queries, gold
SQL annotations, or gold schema-linking labels
from the evaluation examples. The training data
are limited to schema metadata and automatically
synthesized pseudo tasks, whereas evaluation is per-
formed on natural-language questions paired with
gold SQL or schema-linking labels. This separa-
tion avoids train-test leakage, including for Spider
2.0-snow, which is primarily used as an evaluation
benchmark in our experiments.
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C.4 Evaluation Metrics

C.4.1 Schema Linking

Non-Strict Recall (NSR) Previous works have
rarely provided an explicit definition of recall in
the context of schema linking, despite its essential
role in determining the fidelity of SQL generation.
To fill this gap, we formally define the recall metric
used in this study.

The Non-Strict Recall (NSR) quantifies the pro-
portion of relevant schema elements that are cor-
rectly retrieved by the linking process. Formally, it
is defined as the total number of correctly linked
schema elements (i.e., intersection between pre-
dicted and ground-truth schema sets) divided by
the total number of ground-truth schema elements
across all questions:

NSR =

∑n
i=1 |Sgt,i ∩ S̃i|∑n

i=1 |Sgt,i|
(11)

where n denotes the total number of questions,
Sgt,i represents the ground-truth schema elements
for the i-th question, and S̃i refers to the schema
elements predicted by the linking model.

Non-Strict Precision (NSP) Analogous to NSR,
we further introduce the Non-Strict Precision
(NSP), which evaluates how many of the linked
schema elements are indeed correct. It measures
the alignment between the predicted schema and
the ground truth from the perspective of precision.
The definition is as follows:

NSP =

∑n
i=1 |Sgt,i ∩ S̃i|∑n

i=1 |S̃i|
(12)

A higher NSP indicates that the schema linking
process introduces fewer redundant or irrelevant
columns, contributing to more concise and accurate
SQL generation.

Non-Strict F1 (NSF) To provide a balanced eval-
uation that considers both recall and precision, we
define the Non-Strict F1 (NSF) score as the har-
monic mean of NSR and NSP:

NSF =
2× NSR × NSP

NSR + NSP
(13)

This metric jointly reflects the overall effective-
ness of schema linking in terms of both complete-
ness and correctness.

Strict Recall Rate (SRR) In addition to the soft
evaluation above, we adopt a stricter criterion to
assess schema recall. Specifically, if the predicted
schema set S̃i fully covers all schema elements
required to generate the correct SQL for question
i, we assign a value of 1; otherwise, 0. The Strict
Recall Rate (SRR) is defined as the proportion of
questions satisfying this condition:

SRR =

∑n
i=1 I(S̃i ⊇ Sgt,i)

n
(14)

Our method is designed to maximize SRR while
maintaining the size of S̃ as compact as possible
to minimize the prompt length. SRR thus reflects
the model’s ability to retrieve all necessary schema
components for exact SQL reconstruction.

C.4.2 Text-to-SQL

Execution Accuracy (EX) Execution Accuracy
(EX) measures the proportion of SQL queries
whose execution results precisely match those of
the ground-truth SQL queries. It is reported as the
percentage of correctly executed queries in the eval-
uation dataset, serving as the ultimate indicator of
end-to-end task success.

C.5 Baselines

We adopted several state-of-the-art approaches as
our compared baselines, including RESDSQL (Li
et al., 2023a), CodeS (Li et al., 2024), MCS-
SQL (Lee et al., 2025), TA-SQL (Qu et al., 2024a),
and RSL-SQL (Cao et al., 2024). It is worth not-
ing that RESDSQL and CodeS adopt locally cus-
tomized small models to perform schema linking,
whereas MCS-SQL, TA-SQL, and RSL-SQL orig-
inally employed GPT-4 as the backbone LLM for
schema linking. To ensure a fair comparison, we
replaced their backbone LLMs with the same lo-
cal LLM used in our experiments. In addition,
we introduced a baseline prompt-based approach,
which simply uses the column names and their
corresponding descriptions to prompt the LLM to
perform the schema linking task.

The details of the baseline schema linking algo-
rithms we used are as follows:

1. RESDSQL (Li et al., 2023a): RESDSQL de-
couples schema linking and skeleton parsing
by integrating ranking-enhanced encoding and
skeleton-aware decoding, reducing parsing diffi-
culty for complex SQL queries.
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2. CodeS (Li et al., 2024): CodeS is a series of
pre-trained language models designed for Text-
to-SQL tasks. It leverages incremental SQL-
centric pre-training and bidirectional data aug-
mentation.

3. MCS-SQL (Lee et al., 2025): MCS-SQL
leverages multiple prompts to robustly re-
fine schemas, generate diverse candidate SQL
queries, and select the optimal query through a
multiple-choice aggregation strategy.

4. TA-SQL (Qu et al., 2024a): TA-SQL mitigates
LLM hallucinations by leveraging a Task Align-
ment (TA) strategy, guiding models to draw
on experiences from similar tasks through in-
context learning.

5. RSL-SQL (Cao et al., 2024): RSL-SQL en-
hances schema linking through bidirectional
pruning, contextual information augmentation,
and a binary selection mechanism, achieving
high recall with reduced schema complexity.

C.6 Implementation Details

We used the PyTorch library to implement all al-
gorithms based on the open-source HuggingFace
transformers (Jain, 2022). We adopted LoRA
for the second-stage policy adaptation, with the
LoRA rank set to 8. In the Semantic Alignment
stage, the original LLM is frozen and only the
schema-token/codebook embeddings are trained
for 3 epochs with a batch size of 64, using learning
rates of 5× 10−5 for Qwen3 models and 1× 10−4

for LLaMA models. This stage was implemented
using the LLaMAFactory framework (Zheng et al.,
2024). For Pseudo-task Alignment, the schema-
token/codebook embeddings are frozen, while the
LoRA/adaptation parameters and the extended
LMhead are optimized on our developed training
framework for 200 steps, with a batch size of 1
and 4 rollouts per case. We set ϵ̌ and ϵ̂ based
on the statistical properties of each dataset (see
Appendix C.2), while retaining a certain degree
of extensibility. To further enhance the perfor-
mance of SchemaToken, we integrated it with RSL-
SQL (Cao et al., 2024), replacing the forward
branch in RSL-SQL’s Bidirectional Schema Link-
ing module with SchemaToken.

D Further Analysis and Supplementary
Experiments

D.1 Hyper-Parameter Analysis
We further investigate several important hyper-
parameters introduced in SchemaToken to facili-
tate future applications, including identifier length
L and codebook size N in CodeBooks settings,
strength of diversity regularization α and cluster
K. The experimental results are shown in Fig. 6.

D.1.1 Identifier length L

We experiment with identifier lengths L ranging
from 2 to 8, as shown in Fig. 6. The results in-
dicate that 1) increasing L from 2 to 4 enhances
performance, likely because very short identifiers
may omit fine-grained information, reducing their
expressiveness. 2) Further increasing L beyond
4 leads to a performance drop, which can be at-
tributed to the error accumulation inherent in au-
toregressive generation (Ren et al., 2024). Since the
correctness of each token in the sequence is crucial,
generating longer identifiers accurately becomes
more challenging than shorter ones.

D.1.2 CodeBook Size N

We assess SchemaToken with different codebook
sizes N = 64, 128, 256, and 512. As presented
in Fig. 6, 1) moderate increases in N generally
improve performance, potentially due to enhanced
diversity in code selection, which aids in distin-
guishing schema tokens. 2) However, excessively
large codebooks may negatively affect results, as
they can amplify noise in the semantic represen-
tation of schema tokens and potentially lead to
overfitting of spurious patterns.

D.1.3 Strength of diversity regularization α

We vary the diversity regularization weight α from
0.001 to 0.1 and report the outcomes in Fig. 6. We
observe that 1) increasing α tends to improve over-
all performance, reflecting the benefit of stronger
diversity injection. Nonetheless, excessively large
α may interfere with semantic regularization. 2)
Empirically, we suggest setting α = 0.02, as it
provides a reasonable trade-off between semantic
preservation and diversity, yielding optimal results.

D.1.4 Number of Clusters K
We investigate the impact of different cluster num-
bers K ranging from 3 to 10, as depicted in Fig. 6.
The performance peaks around K = 5, with ei-
ther smaller or larger values leading to a decline.
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Figure 6: Performance of SchemaToken over different hyper-parameters on Spider-Dev.

This is intuitive: overly large clusters contain many
code embeddings, reducing intra-cluster similarity,
while very small clusters may over-constrain em-
beddings, causing them to be excessively similar
within a cluster.

D.2 Codebook Diversity Analysis
To quantify the effect of the diversity regulariza-
tion loss (LDiv), we introduce a "utilization rate"
metric, which measures the number of schema to-
kens assigned to each code in the codebook. We
calculated the average, minimum, maximum, and
standard deviation of this utilization rate across all
codes, both with and without LDiv.

Setting Average Min Max Std

w/ LDiv 6.17 3 12 2.64
w/o LDiv 6.17 1 56 32.52

Table 6: Codebook utilization rate with and without
diversity regularization.

The quantitative results demonstrate that with-
out regularization, a small fraction of the codes are
heavily overused (max utilization of 56) while oth-
ers are neglected (high standard deviation of 32.52).
Incorporating LDiv ensures a highly balanced and
healthy distribution of codebook usage, limiting
the maximum utilization to 12 and reducing the
standard deviation to 2.64.

To further empirically validate the superiority
of the Codebook Diversity design, we conducted
an analysis on the BIRD dev dataset. Based on
our parameter sensitivity analysis, we adopted the
optimal settings: Identifier length L = 4 and Code-
Book Size N = 256. We extracted and analyzed
a total of 1936 columns across the dataset. As
illustrated in Fig. 7, without the diversity regular-
ization (LDiv), the baseline method suffers from
severe index collapse, where a small number of
schema tokens are heavily overused while the vast

majority remain completely idle (frequency of 0).
In contrast, SchemaToken incorporates the Code-
book Diversity design, yielding a highly balanced
code frequency histogram. Almost all available
codes are effectively utilized, which significantly
enhances the model’s representational capacity and
proves the effectiveness of our diversity regulariza-
tion strategy.
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Figure 7: Code frequency histograms comparing the
codebook utilization on the BIRD dev dataset (1936
columns, L = 4, N = 256). Left: The baseline method
without diversity regularization suffers from severe in-
dex collapse. Right: SchemaToken incorporates LDiv,
yielding a highly diverse and balanced token utilization
across the entire codebook.

D.3 Analysis under Different Database Scales

To further examine when SchemaToken is most
beneficial, we divide Spider 2.0 databases into
three groups according to the number of columns:
small databases with fewer than 1K columns,
medium databases with 1K–10K columns, and
large databases with more than 10K columns. Ta-
ble 7 reports the performance of different schema-
linking methods under these scale groups.

The advantage of SchemaToken increases with
database scale. On small databases, all methods
can still access a relatively manageable schema
context, yet SchemaToken remains the strongest
overall, achieving 79.2 SRR, 84.6 NSR, and 66.0
NSF. On medium-scale databases, the gap becomes
larger. On large databases with more than 10K
columns, all baselines fail to execute any query cor-
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Methods
Small (<1K cols, 76 DBs) Medium (1K–10K cols, 53 DBs) Large (>10K cols, 23 DBs)

Schema Linking T2SQL Schema Linking T2SQL Schema Linking T2SQL

SRR NSR NSP NSF EX SRR NSR NSP NSF EX SRR NSR NSP NSF EX

Prompt 60.8 78.5 44.6 56.9 20.8 44.6 65.4 23.7 34.8 20.2 0.0 4.6 45.0 8.3 0.0
MCS-SQL 66.3 80.4 46.8 59.2 25.6 44.2 68.4 26.7 38.4 20.2 0.0 13.3 24.5 17.2 0.0
TA-SQL 63.1 76.4 42.5 54.6 22.1 40.5 63.2 20.9 31.4 15.8 0.0 8.9 35.6 14.2 0.0
RSL-SQL 76.5 82.6 52.1 63.9 38.4 50.4 68.4 30.5 42.2 24.0 0.0 2.9 50.0 5.5 0.0
SchemaToken 79.2 84.6 54.1 66.0 40.6 65.7 74.8 36.8 49.3 26.9 47.8 65.8 30.0 41.2 11.6

Table 7: Performance on Spider 2.0 databases grouped by schema scale using Qwen3-8B as the backbone LLM.

NSP

EX
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52
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53.2

Figure 8: Impact of irrelevant-column noise on down-
stream Text-to-SQL execution accuracy on BIRD-dev
with Qwen3-8B. The x-axis reports NSP when NSR is
fixed at 100%.

rectly and obtain 0.0 SRR, whereas SchemaToken
still achieves 47.8 SRR and 11.6 EX. This result
supports our central motivation that schema tok-
enization targets a qualitatively different operating
regime where context-heavy schema-linking meth-
ods become infeasible.

D.4 Impact of Reduced Precision

Although SchemaToken prioritizes recall and can
introduce more irrelevant columns than precision-
oriented methods, downstream Text-to-SQL gener-
ation is more sensitive to missing required columns
than to a moderate number of extra columns. To
quantify this effect, we start from the ground-truth
schema-linking results on BIRD-dev with Qwen3-
8B, progressively inject randomly selected irrele-
vant columns, and evaluate the resulting execution
accuracy.

The results show that execution accuracy re-
mains stable when NSP decreases from 100% to
85%, and degrades only mildly as more irrelevant
columns are injected. In contrast, missing any re-
quired column prevents the SQL generator from
constructing the correct query in most cases. This
explains why optimizing SRR and NSR is partic-
ularly important for schema linking, while mod-
erate precision degradation can be tolerated when
the predicted schema set still covers the required
columns.

D.5 RL Training Variance

To evaluate the stability of our reinforcement learn-
ing stage, we simulated multiple trials by running
our experiments across 5 different random seeds.
Table 8 reports the mean and standard deviation
of these runs for SchemaToken and the strongest
baseline, RSL-SQL. The low variance confirms the
robustness of our method against random initializa-
tion and verifies the high reliability of our reported
experimental results.

D.6 Analysis of Description Generator

In this section, we further analyze the impact of dif-
ferent description generators on SchemaToken. We
consider GPT-4 (Achiam et al., 2023), DeepSeek-
V3 (Liu et al., 2024a), and GLM-4-Plus (GLM
et al., 2024) as alternative description generators.
The experimental results are reported in Table. 12.

The results show that although the performance
of SchemaToken exhibits minor variations as the
quality of the descriptions changes, its overall per-
formance remains stable. More importantly, across
all description generators, SchemaToken consis-
tently outperforms the strongest baseline methods
considered, providing further evidence of its robust-
ness.

D.7 Analysis on Database Update Scenarios

We further investigate the effectiveness of
SchemaToken under database update scenarios. We
consider three representative cases:

1. Column Insertion. We assume an existing
database (denoted as Ora. DB, the original
database) and augment it with content from an
updated database (denoted as Up. DB), i.e., ex-
panding the tables (including columns) in Ora.
DB. We set BIRD as Ora. DB and Spider as Up.
DB, and also evaluate the reverse setting, with
Spider as Ora. DB and BIRD as Up. DB.

2. Column Deletion. We randomly remove a sub-
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Methods
Spider-dev BIRD-dev Spider 2.0

Schema Linking T2SQL Schema Linking T2SQL Schema Linking T2SQL

SRR NSR NSP NSF EX SRR NSR NSP NSF EX SRR NSR NSP NSF EX

Qwen3-1.7B

RSL-SQL 77.4±1.2 84.1±1.2 39.6±1.1 52.7±1.4 63.8±1.4 80.8±1.2 93.0±1.2 31.7±1.0 45.7±1.0 25.6±1.0 53.2±1.4 71.0±0.8 15.6±1.4 28.8±1.2 21.9±1.1

SchemaToken 81.4±1.1 88.7±1.2 58.0±1.1 67.6±0.9 67.5±1.4 80.0±1.0 94.5±1.1 61.1±1.1 75.1±0.9 32.2±0.9 61.9±1.0 77.9±1.0 35.5±1.2 48.7±1.1 26.7±1.1

Qwen3-8B

RSL-SQL 76.6±1.3 83.5±0.9 56.9±0.9 69.5±1.3 79.1±1.3 80.6±0.9 94.9±1.4 48.2±1.3 62.6±1.2 49.0±1.1 70.9±1.0 85.5±0.9 23.5±0.9 33.1±1.1 22.3±1.4

SchemaToken 81.9±1.5 89.7±0.8 68.2±1.2 77.6±1.2 82.1±1.2 85.8±0.8 96.7±1.1 74.9±1.3 82.1±0.9 51.8±1.2 78.2±1.0 84.8±0.9 46.2±0.9 57.3±1.3 31.6±1.3

LLaMA3.1-8B

RSL-SQL 78.3±0.9 87.3±1.4 42.2±0.9 57.5±1.1 71.5±1.5 88.0±1.1 96.5±1.0 34.2±1.2 47.2±1.1 42.4±1.4 62.9±1.3 78.0±1.3 22.6±1.1 33.7±0.8 18.9±1.1

SchemaToken 80.7±1.1 89.9±1.4 58.3±0.9 70.1±1.3 78.9±1.0 92.0±1.0 99.1±0.9 49.5±1.3 66.0±0.9 49.3±1.3 67.4±1.2 82.9±1.2 43.8±1.4 60.2±1.2 28.3±0.9

Table 8: Mean and standard deviation of schema linking and Text-to-SQL performance across 5 random seeds.

set of columns from the database—while en-
suring that columns required for subsequent
schema linking tasks are preserved—to simu-
late this scenario. In this case, SchemaToken
only needs to remove the corresponding tokens
from the LLM’s schema token table.

3. Column Renaming. Since SchemaToken is in-
dependent of column names, no modification is
required, allowing it to seamlessly adapt to this
scenario.

The experimental results are summarized in
Table. 9. Despite large-scale column insertions,
SchemaToken consistently maintains robust perfor-
mance and outperforms the strongest baseline meth-
ods considered, demonstrating its effectiveness un-
der database update scenarios.

D.8 Analysis of Potential Solutions
In this section, we examine two potential ap-
proaches for mitigating context explosion, namely
Table-to-Column Schema Linking and Retrieval-
Augmented Generation (RAG).

1. Direct Column Schema Linking vs. Table-to-
Column Schema Linking. We explore a two-
stage strategy that first retrieves tables and then
retrieves columns. The motivation is that table
retrieval does not require column-level informa-
tion and therefore remains within the LLM’s
context budget; subsequently, column retrieval
operates on a reduced set of tables, limiting the
number of irrelevant columns introduced into
the context. The experimental results are re-
ported in Table. 10, where both strategies adopt
the most basic prompting setup. The results
show that Table-to-Column Schema Linking per-
forms substantially worse than Direct Column
Schema Linking. Further analysis reveals that,
in the first stage, the lack of column-level in-
formation makes it difficult to accurately judge

table relevance based solely on table metadata,
leading to a large number of relevant tables not
being recalled. This failure propagates to the
second stage, ultimately resulting in poor col-
umn recall.

2. Retrieval-Augmented Generation (RAG). We
also investigate RAG-based strategies to address
context explosion. We evaluate three mature
RAG frameworks—RagFlow2, Dify3, and Lla-
maIndex4—which are widely used in industrial-
scale document retrieval. The experimental re-
sults, shown in Table. 11, indicate that all RAG
frameworks exhibit poor performance and fall
significantly behind SchemaToken. This perfor-
mance gap can likewise be attributed to incom-
plete information modeling: RAG frameworks
compute similarity between the user query and
individual columns in isolation, while ignoring
the global structure of the database. To the best
of our knowledge, recent advances in Text-to-
SQL research (Pourreza et al., 2025; Li et al.,
2025; Lee et al., 2025; Qu et al., 2024b) con-
sistently rely on LLMs reasoning over global
database information for schema linking, and
there has been little to no prior work adopting
RAG as a viable solution for schema linking.

E Qualitative Analysis

E.1 Case Study

We present case studies to further illustrate the ad-
vantages of SchemaToken over traditional strate-
gies. Specifically, we present the following two
cases.

In Case#1, we observed that schema name-

2https://ragflow.io/
3https://docs.dify.ai/en/use-dify/

getting-started/introduction
4https://developers.llamaindex.ai/python/

framework/
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Methods Ori. DB Up. DB
Spider-dev BIRD-dev

Schema Linking T2SQL Schema Linking T2SQL

SRR NSR NSP NSF EX SRR NSR NSP NSF EX

RSL-SQL / / 76.8 84.8 58.1 69.0 77.9 82.1 94.4 47.3 63.0 47.9

Scenario of Column Insertion

SchemaToken BIRD Spider 83.4 89.0 62.1 73.2 80.9 83.9 96.1 75.1 84.3 49.8
SchemaToken Spider BIRD 81.7 85.4 64.0 73.2 79.9 84.5 96.8 72.1 82.6 52.2

Scenario of Column Deletion

SchemaToken / / 81.9 86.4 63.4 73.1 79.9 85.1 95.4 71.1 81.5 51.8

Table 9: Analysis of SchemaToken under database update scenarios. Qwen3-8B is employed as backbone LLM.
Ori. DB: Original Database. Up. DB: Updated Database.

Methods Schema Linking T2SQL

SRR NSR NSP NSF EX

Spider-dev

Direct Column Schema Linking 47.0 67.6 76.0 71.6 55.4
Table-to-Column Schema Linking 30.6 52.3 70.9 60.2 40.6

BIRD-dev

Direct Column Schema Linking 10.5 45.4 74.0 56.3 18.4
Table-to-Column Schema Linking 7.2 32.8 66.4 43.9 11.9

Table 10: Direct Column Schema Linking vs. Table-to-
Column Schema Linking. Qwen3-8B is employed as
backbone LLM.

Methods Schema Linking T2SQL

SRR NSR NSP NSF EX

Spider-dev

RagFlow 54.3 70.5 44.3 54.4 57.6
Dify 51.4 68.5 41.4 51.6 52.4
LlamaIndex 49.8 60.2 46.7 52.6 53.7
SchemaToken 82.4 88.6 67.4 76.6 80.2

BIRD-dev

RagFlow 24.0 57.3 32.1 41.1 22.3
Dify 26.7 59.8 30.4 40.3 20.6
LlamaIndex 22.6 51.5 34.8 41.5 22.1
SchemaToken 84.2 96.2 74.1 83.7 51.2

Table 11: Performance comparison of SchemaToken
with various RAG solutions. Qwen3-8B is employed as
backbone LLM.

based solutions are prone to errors when handling
database fields containing spaces. As illustrated in
the example above, when generating Enrollment
(K-12) and Enrollment (Ages 5-17), the model
outputted only Enrollment, failing to fully cap-
ture the meaning of the schema and mistakenly

treating Enrollment as a complete database field.
SchemaToken, by treating the entire database field
as an indivisible atomic unit, completely avoids
this issue.

A similar observation arises in Case#2. We
found that LLMs have weak understanding of the
underscore “_” character and often output it as a hy-
phen “-”. We attribute this to the fact that both “_”
and “-” occupy semantically negligible positions in
the original LLM embedding space and are thus not
easily distinguished. Moreover, “-” occurs more
frequently than “_” in common text, biasing the
LLM toward generating “-”. In database scenarios,
however, “_” is very common, and frequent mis-
generation of “_” greatly reduces the practicality of
schema name-based solutions. Similar to Case#1,
SchemaToken avoids this issue entirely by treating
the database field as an atomic, indivisible unit.

Case#1
[question:] Consider the average difference
between K-12 enrollment and 15-17 enroll-
ment of schools that are locally funded, list
the names and DOC type of schools which has
a difference above this average.

[GT result:]
schools.School
schools.DOC
schools.CDSCode
schools.FundingType
frpm.CDSCode
frpm.Enrollment (K-12)
frpm.Enrollment (Ages 5-17)

[Schema Name result:]

46012



Methods Description
Generator

Spider-dev BIRD-dev

Schema Linking T2SQL Schema Linking T2SQL

SRR NSR NSP NSF EX SRR NSR NSP NSF EX

Qwen3-1.7B

RSL-SQL / 77.3 85.4 38.2 52.8 64.2 79.2 93.6 31.3 46.9 27.3

SchemaToken
GLM-4-Plus 79.1 88.6 54.2 67.3 66.8 79.4 93.5 61.9 74.5 30.8
DeepSeek-V3 81.2 89.0 52.6 66.1 68.4 81.5 96.6 58.5 72.9 32.9

GPT-4 80.5 88.7 56.4 69.0 67.9 80.6 95.2 61.4 74.7 31.7

Qwen3-8B

RSL-SQL / 76.8 84.8 58.1 69.0 77.9 82.1 94.4 47.3 63.0 47.9

SchemaToken
GLM-4-Plus 91.5 85.2 64.5 73.4 79.4 83.5 96.0 76.5 85.1 49.5
DeepSeek-V3 82.9 89.0 63.1 73.8 80.2 85.0 96.8 73.0 83.2 52.1

GPT-4 82.4 88.6 67.4 76.6 80.2 84.2 96.2 74.1 83.7 51.2

LLaMA3.1-8B

RSL-SQL / 78.7 85.6 41.3 55.7 71.1 88.2 96.8 32.3 48.4 43.4

SchemaToken
GLM-4-Plus 81.9 87.3 59.7 70.9 77.0 89.6 96.3 51.3 66.9 47.5
DeepSeek-V3 81.5 89.0 60.4 72.0 76.6 91.9 98.0 48.1 64.5 50.1

GPT-4 82.7 89.4 58.6 70.8 77.8 90.2 97.1 49.1 65.2 48.6

Table 12: Robustness analysis of SchemaToken using various description generators.

schools.School
schools.DOC
schools.CDSCode
schools.FundingType
frpm.CDSCode
frpm.Enrollment

[SchemaToken result:]
schools.School
schools.DOC
schools.CDSCode
schools.FundingType
frpm.CDSCode
frpm.Enrollment (K-12)
frpm.Enrollment (Ages 5-17)

Case#2
[question:] Please list the superhero names of
all the superheroes that have blue eyes and
blond hair.

[GT result:]
superhero.superhero_name
superhero.eye_colour_id
superhero.hair_colour_id
colour.id
colour.colour

[Schema Name result:]

superhero.superhero_name
superhero.eye-colour_id
superhero.hair-colour_id
colour.id
colour.colour

[SchemaToken result:]
superhero.superhero_name
superhero.eye_colour_id
superhero.hair_colour_id
colour.id
colour.colour

E.2 Failure Mode Analysis
We conducted a qualitative error analysis and found
that failures primarily occur when user queries are
highly ambiguous, causing the RL policy to trigger
a semantically adjacent but incorrect token.

Case Study (from BIRD datasets)

Query: "What are the cards for set OGW?
State the colour for these cards."
Ground Truth:
set_translations.setCode
SchemaToken Output: cards.setCode
Analysis: Both the cards table and the
set_translations table contain a setCode
column. The error arises because the user
query itself is highly ambiguous. By loosely

46013



using the word "cards" to describe the tar-
get information, the query introduces a strong
surface-level lexical bias. This misleads
the model into matching the literal word
"cards" to the cards.setCode token, rather
than inferring the true intent corresponding to
set_translations.setCode.
Handling this type of ambiguity—where the
user query is vaguely phrased, lacks specific
constraints, and uses terminology that lexically
overlaps with incorrect tables—is an inherent,
long-standing challenge in the broader Text-to-
SQL domain.

F Detailed Break-even Analysis: Prompt
vs. SchemaToken

While SchemaToken incurs a one-time training cost
(X), it achieves massive inference efficiency gains
by eliminating verbose context. Let X denote the
one-time training time, and let Y and Y ′ denote
the inference latency per query for SchemaToken
and the prompt-based baseline, respectively. For N
queries, the total temporal cost for SchemaToken
is CST = X + N · Y , whereas the prompt-based
approach costs CPrompt = N · Y ′. Since Y ≪ Y ′,
SchemaToken becomes strictly more cost-effective
when the total number of queries exceeds the break-
even point: N > X

Y ′−Y .
To quantify this mathematically, we approxi-

mate the temporal cost using standard LLM serv-
ing throughput constraints (e.g., vLLM on a mod-
ern GPU like NVIDIA A100), assuming an input
prefill speed of ∼2,000 tokens/second and an out-
put decode speed of ∼40 tokens/second for an
8B model. For the prompt baseline (18.0k in-
put, 128.5 output), the inference latency is roughly
Y ′ ≈ 18000

2000 + 128.5
40 ≈ 12.2 seconds per query.

In contrast, SchemaToken (1.5k input, 16.7 out-
put) takes only Y ≈ 1500

2000 + 16.7
40 ≈ 1.17 sec-

onds. Given the one-time training cost of X = 4.4
hours (15, 840 seconds), solving the inequality
15840 +N · 1.17 < N · 12.2 yields a break-even
point of about 1.4K queries.

This analysis clearly demonstrates that in pro-
duction environments where thousands of queries
are processed daily, SchemaToken is significantly
more cost-effective and scalable than prompt-based
methods. The one-time training overhead is amor-
tized extremely quickly, resulting in an order-of-
magnitude reduction in latency and a substantial
decrease in memory consumption.

G Code and Data Availability

To support reproducibility and facilitate future re-
search, we will publicly release all code and pro-
cessed datasets upon publication. For reference
and transparency, the complete code is also pro-
vided in https://github.com/MrBlankness/
SchemaToken.

H Use of Large Language Models

In this work, LLMs are used in a supportive role
to assist with language refinement and program-
ming debugging tasks. All LLM-assisted outputs
are carefully reviewed, verified, and revised by the
authors before inclusion. The core research ideas,
methodological design, experimental setup, and re-
sult analysis are conceived and carried out entirely
by the authors.
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Algorithm 1 Training Paradigm of SchemaToken

Require: Database schema S, Codebook size N ,
levels LT , LC , LLM θ, Diversity weight α, RL
learning rate η.

Ensure: Trained LLM parameters θ and codebook
embeddings BT ,BC .

1: // Stage 1: Semantic Alignment
2: Initialize BT and BC randomly.
3: Freeze original LLM parameters θorig and train

only the schema-token/codebook embeddings
BT ,BC .

4: for each semantic instruction x and target de-
scription y do

5: Construct schema token embedding eτ =∑LT
l=1 q

(l)
T (ht) +

∑LC
l=1 q

(l)
C (hc).

6: Compute Semantic Loss LSem =
−∑

t log pθ(yt|y<t, x).
7: Compute Diversity Loss LDiv using K-

means clustering.
8: Update schema-token/codebook embed-

dings using ∇(LSem + αLDiv).
9: end for

10: // Stage 2: Pseudo-task Alignment
11: Freeze BT ,BC , and update LoRA/adaptation

parameters and LM_head′.
12: for each pseudo-task instruction q′ and ground-

truth schema set Ctrue do
13: Generate predicted set of schema tokens

Ĉ ∼ πθ(·|q′).
14: Compute Jaccard reward R = |Ĉ ∩

Ctrue|/|Ĉ ∪ Ctrue|.
15: Update the trainable adaptation parame-

ters and LM_head′ via GRPO to maximize
expected reward E[R].

16: end for
17: return θ,BT ,BC
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