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Abstract—We study the emerging task of cross-schema SQL
mapping, where large language models (LLMs) translate SQL
queries across databases with different schemas. This task tests
whether models can preserve source query intent and structural
properties while adapting to unfamiliar target schema elements.
To understand the sources of difficulty, we analyze a dataset of
over 100K mapped queries from SQL-Exchange, spanning two
benchmarks and two LLMs. We define a taxonomy of more
than 50 structural and schema-related features and identify
three key signals—query complexity, schema mismatch, and
mapping flexibility—that strongly influence execution correctness
and semantic validity. Our analysis reveals how different forms of
source-target schema mismatch drive model errors and highlights
concrete directions for building more robust schema-schema
mapping systems.

Index Terms—SQL translation, Schema mapping, Large lan-
guage models

I. INTRODUCTION

LLMs have shown remarkable capabilities in translating
natural language questions into executable SQL queries [1].
Recent advances have enabled these models to generate com-
plex queries over unseen databases by leveraging sophisticated
in-context learning and reasoning frameworks [2]–[4]. How-
ever, a critical challenge remains underexplored: Can these
models robustly transfer queries across schemas with different
structures and vocabularies?

Cross-schema SQL mapping refers to the task of translating
a SQL query written over a source schema into an equivalent
query over a target schema, such that the structure and
semantics of the original query is preserved while adapting
it to a new schema that may differ significantly in table
layout, naming conventions, and attribute organization. This
capability is particularly useful for generating query workloads
for databases that lack existing queries—such as creating
schema-specific NL–SQL training data, bootstrapping query
repositories, or constructing benchmarks—by mapping queries
from other schemas [5]. It can also support adapting queries
across heterogeneous schemas in scenarios such as schema
evolution, federated query environments, and data integration.

While recent work has leveraged LLMs for schema match-
ing and mapping [6], [7] and SQL translation across di-
alects [8], [9], these approaches typically assume identical
or nearly aligned schemas, and do not address structural
translation between semantically divergent databases.

In this work, we conduct a detailed empirical study of
LLM performance on cross-schema SQL mapping using SQL-
Exchange [5], a recent framework that automatically gener-
ates large-scale mapping examples from prompting LLMs on
benchmark datasets. By analyzing more than 100K mapping
instances generated by SQL-Exchange, we investigate which
factors make mappings succeed or fail.

We define a taxonomy of over 50 static features character-
izing each mapping instance, grouped into three categories:
Query Complexity, Schema Feasibility, and Mapping Flexi-
bility. These features quantify the structural difficulty of the
query, the compatibility between source and target schemas,
and the availability of mapping paths in the target schema.
Our analysis focuses on how these features correlate with three
key evaluation metrics: Execution Validity, Semantic Validity,
and Structural Alignment. Across all model and benchmark
combinations, we observe consistent trends: queries with
higher structural complexity or lower schema compatibility
are significantly more prone to failure across all metrics.
Additionally, mappings with minimal table alignment options
tend to reduce success rates, though too many options can
introduce ambiguity in table selection.

This study provides a fine-grained analysis of structural fac-
tors influencing LLM performance in cross-schema mappings.
By linking performance to interpretable static features, our
findings inform future work on prompt design, schema condi-
tioning, and evaluation of LLMs in multi-schema settings.

II. SETUP

To study the behavior of LLMs in cross-schema SQL map-
ping tasks, we utilize the outputs of the SQL-Exchange frame-
work. This framework provides a large-scale corpus of over
100,000 automatically generated SQL query mappings be-
tween different database schemas. These mappings were pro-
duced by prompting two major LLM families—GPT (specif-
ically, GPT-4o mini) and Gemini (Gemini-1.5-flash)—on two
widely-used SQL benchmarks: Spider [10] and BIRD [11].

In the SQL-Exchange framework, each LLM was indepen-
dently prompted to map training queries from both bench-
marks to the respective development schemas by preserving
the original SQL structure while replacing schema-specific el-
ements—tables, columns, and constants—with corresponding



elements in the target schema. This process results in four dis-
tinct experimental settings: BIRD–GPT, BIRD–Gemini, Spi-
der–GPT, and Spider–Gemini, which are analyzed separately.

To evaluate the quality of the generated mappings, we adopt
three metrics defined by SQL-Exchange: Structural Align-
ment, Execution Validity, and Semantic Validity. Structural
Alignment captures whether the predicted query preserves
the key structural elements (e.g., clauses and logical flow)
of the source query. Execution Validity checks whether the
generated query runs successfully on the target database,
reflecting syntactic and runtime correctness. Semantic Validity
evaluates whether the predicted SQL query is meaningful with
respect to the target schema and semantically consistent with
its natural language description. This is assessed by generating
a natural language question from the SQL and verifying that
it accurately reflects the intent of the query.

III. A TAXONOMY OF MAPPING FEATURES

To analyze the structural factors that influence LLM perfor-
mance in cross-schema SQL mapping, a diverse set of over
50 atomic features is examined for each mapping instance.
These features are derived through static analysis of the source
SQL query, the source and target schemas, and their relational
compatibility. Each feature is computed automatically and
captures a specific aspect of task difficulty, feasibility, or
ambiguity inherent to the mapping process.

The feature design is guided by the hypothesis that query-
level and schema-level characteristics impose distinct con-
straints on mapping success. To organize this feature space,
the features are grouped into three high-level categories: Query
Complexity, Schema Feasibility, and Mapping Flexibility.

A. Query Complexity (C)
This group captures the intrinsic complexity of the source

SQL query—irrespective of the target schema. Features in this
category describe the syntactic and logical structure of the
input query, including its use of joins, filtering predicates,
grouping logic, nesting depth, and literal values. Queries
with deeper logical composition or broader surface area pose
a greater burden on the model to preserve structure and
semantics during transfer.

For instance, features like the number of joins and number
of WHERE conditions reflect the structural components that
must be reconstructed in the target schema, while the number
of literals introduces challenges for natural language genera-
tion and semantic grounding of the mapped SQL query. To
summarize the overall logical burden of a query, we adopt the
size of the abstract syntax tree (AST) as the key indicator for
this group. This feature measures the total number of nodes
in the query’s abstract syntax tree, capturing the syntactic
depth and breadth of the query. Larger trees indicate more
compositional logic, deeper nesting, and increased difficulty
in preserving the original intent during schema adaptation.

B. Schema Feasibility (F)
These features evaluates whether the requirements of a

source query can be realistically satisfied by the target schema.

Even simple queries may fail if essential schema elements such
as tables or columns do not exist in the target. These features
quantify the degree of mismatch in table availability, foreign
key coverage, and especially, column-level compatibility.

As the representative feature for this group, we select the
number of source columns without a compatible target column.
This feature counts how many attributes referenced in the
source query lack a type-compatible counterpart in the target
schema. It directly captures fundamental attribute-level incom-
patibility, and was consistently one of the strongest predictors
of mapping failure. A high value suggests a structural dead
end, where the model is forced to hallucinate or rewrite the
query in ways that undermine semantic integrity.

C. Mapping Flexibility (M)
Mapping Flexibility captures the structural degrees of free-

dom available when aligning elements from the source query
to the target schema. Even when a mapping is technically
feasible, multiple valid alignment alternatives may exist—for
example, several target tables that could plausibly fulfill the
role of a single source table. Such flexibility can facilitate
adaptation by offering alternative structural correspondences,
particularly when schemas differ in organization or granularity.
However, when alignment choices become overly numerous
or insufficiently constrained, the decision space may become
unstable, increasing the risk of semantic drift.

This group includes features that characterize the size
and redundancy of the target schema and the availability of
viable mapping paths. While a richer schema may offer more
opportunities for alignment, excessive flexibility can lead to
indecision or semantic drift. Among these features, the min-
imum number of compatible target tables per source table is
especially informative. It captures bottlenecks in the mapping
process, where at least one source table has few or no viable
alignment candidates. Low values suggest structural sparsity
that constrains mapping options, while very high values may
introduce excessive ambiguity. Both extremes elevate the risk
of inaccurate translation.

IV. EMPIRICAL RESULTS

To better understand how input query and schema mapping
characteristics affect model performance, we analyze the main
features introduced in Section III, focusing on their correlation
with key evaluation metrics across experimental settings.

In cross-schema SQL mapping, LLMs are expected to
preserve both the structure and intent of the source SQL query
when adapting it to a new schema. However, as noted in SQL-
Exchange, models, especially Gemini-1.5-flash, sometimes
deviate from this goal by simplifying or restructuring the
source query, potentially compromising the mapping accuracy.
This behavior occurs in 13.2% to 33.4% of cases, depending
on the benchmark and model [5].

To isolate true mapping difficulty from such generation-level
artifacts, we first focus on predictions that preserve the source
query structure, enabling a cleaner study of semantic failure
modes. Second, we study how feature conditions affect the
model’s decision to change or preserve the query structure.



Fig. 1. Correlation heatmap between representative features and Semantic and Execution Validity for template-preserving queries across settings. All observed
correlations are statistically significant (p < 0.01).

Fig. 2. Impact of representative features on execution and semantic outcomes
across settings.

A. Impact on Execution and Semantic Validity

Figure 1 presents Pearson correlation coefficients between
key structural features—AST size, number of unmappable
source columns, and minimum table mapping options—and
model performance (Execution and Semantic Validity), while
Figure 2 illustrates outcome trends across different feature
values. Together, these reveal how different query and schema
characteristics influence cross-schema mapping outcomes.

a) Query Complexity: We observe a consistently negative
correlation between query structural complexity (measured by
AST size) and both Execution Validity and semantic validity.
The correlation is especially strong in the Spider-GPT setting
(–0.24 and –0.31 for execution and semantic metrics, respec-
tively), where deeper query structures tend to increase the risk
of failure. This suggests that deeper nesting and compositional
logic significantly increase the cognitive burden for models,
particularly when they must preserve the original structure.
Gemini appears more robust to complex queries than GPT in
both benchmarks, yet the decline in quality with rising AST
size remains visible across all settings.

b) Schema Feasibility: The number of unmappable
source columns emerges as a strong negative predictor of per-
formance. It exhibits among the highest absolute correlations
with both metrics, especially in BIRD-GPT and SPIDER-GPT
(–0.27 and –0.28 for Execution Validity; –0.28 and –0.31
for semantic validity). This trend confirms that schema-level
incompatibilities pose a hard constraint on the success of query
mapping. Importantly, even small increases in this feature lead
to sharp performance drops (Figure 2, center), marking it as
a key bottleneck in cross-schema transfer.

c) Mapping Flexibility: The minimum number of com-
patible target tables for source tables has a mild positive
correlation with both metrics across all configurations (e.g.,
0.15 and 0.20 for Semantic Validity in BIRD-Gemini and
BIRD-GPT). This suggests that having at least one mapping
path per source table improves success rate, although the
benefit saturates. As shown in figure 2, too many options can
backfire by increasing model confusion, reflecting the delicate
balance between flexibility and ambiguity.

Beyond the primary feature groups, certain surface-level
schema characteristics also impact execution outcomes. In the
BIRD benchmark, which contains many column names with
spaces, we observe a meaningful negative correlation between
the proportion of such columns and Execution Validity (–0.21
in BIRD–Gemini, –0.12 in BIRD–GPT; both p < 0.01). These
failures typically occur when LLMs omit or mishandle quoting
for non-standard column names, producing incorrect refer-
ences. This pattern does not appear in Spider, where column
names are generally simpler and less likely to include special
characters. These results align with SQL-Exchange’s analysis,
which identified column reference errors as a common cause
of execution failures in complex or noisy schemas.

Together, these results confirm that query structure, schema
compatibility, and mapping flexibility jointly influence map-
ping success.



Fig. 3. Correlation heatmap of representative features with Structural Align-
ment across all queries; all correlations are significant (p < 0.01).

B. Impact on Structural Alignment

We now examine what factors influence whether models
preserve the structural skeleton of the source query. Unlike
the previous metrics, which assess performance conditional on
structure being maintained, the Structural Alignment metric
directly measures if the generated query retains the source
query’s high-level form.

Figure 3 reports the correlations between our three rep-
resentative features and structural alignment across all four
settings. This analysis includes all predictions—both structure-
preserving and not—allowing us to assess what drives the
model to alter or maintain the original query form.

Query complexity, measured by AST size, shows a con-
sistently strong negative correlation with structural alignment
(–0.35 to -0.21). This indicates that as query depth and logical
composition increase, models are more likely to simplify or
restructure the query rather than preserve it. The difficulty
of retaining deep structure under schema shift is particularly
evident in Spider, where the effect is strongest.

The number of unmappable source columns also shows
strong negative correlations with structural alignment, partic-
ularly for Spider (–0.34 for Gemini, –0.38 for GPT). This
confirms that schema-level incompatibilities not only hinder
semantic and execution success but also prompt the model
to abandon the original structure altogether. When the target
schema cannot satisfy even basic column mappings, LLMs
tend to reframe or simplify the query, likely in an effort to
produce a minimally valid alternative.

In contrast, minimum table mapping options—our proxy for
mapping flexibility—show a modest positive correlation (0.09
to 0.22). This suggests that when at least one structural path
exists for each source table, models are slightly more inclined
to retain the original form. However, the effect is limited,
highlighting that excessive flexibility does not necessarily
improve structure preservation.

Overall, structural alignment depends on both the intrin-
sic complexity of the query and the feasibility of finding
structurally faithful mappings. Models preserve structure most
reliably when the query is simple, the schema is compatible,

and the mapping space is flexible enough to support alignment
without inducing confusion.

V. DISCUSSION

Our analysis reveals consistent patterns in how query and
schema characteristics shape LLM performance on cross-
schema SQL mapping. While LLMs like Gemini-1.5-flash and
GPT-4o mini perform well overall, their performance varies
predictably with query complexity, schema feasibility, and
mapping flexibility.

Interestingly, both execution and semantic validity degrade
more sharply on BIRD compared to Spider when features such
as query complexity or number of unmappable columns in-
crease. This suggests that LLMs are more sensitive to schema
messiness, denormalization, and naming ambiguity in real-
world settings. For example, surface-level schema ambiguity in
BIRD pose challenges not captured by traditional benchmarks
like Spider. This highlights the need for evaluation across di-
verse schema environments to accurately assess generalization.

Most predictive features in our analysis, particularly those
related to schema feasibility, are lightweight, static, and easily
interpretable. These signals can be leveraged to build predic-
tive tools that anticipate mapping difficulty, rerank or filter
model outputs, or trigger fallback mechanisms in pipeline
systems. They also open avenues for adaptive prompting
strategies, where the LLM is guided differently based on the
detected complexity or compatibility of the task.

While our analysis covers a large space of mappings and
schema-query configurations, it focuses on one-shot LLM
behavior using static prompts. Future work could explore
dynamic prompt engineering, schema-aware augmentations, or
fine-tuning for cross-schema alignment. Additionally, richer
annotation of mappings—e.g., partial success, error type, or
alignment breakdown—could support deeper understanding.

VI. CONCLUSION

We present a systematic analysis of LLM performance on
cross-schema SQL mapping using the SQL-Exchange dataset
across two model families (GPT and Gemini) and two bench-
marks (Spider and BIRD). By defining a taxonomy of over 50
static features, we identify three key dimensions that govern
mapping outcomes: query complexity, schema feasibility, and
mapping flexibility. Our results show that mappings are most
likely to succeed when the source query is not overly com-
plex, the target schema offers compatible attributes, and the
mapping space is neither overly constrained nor excessively
ambiguous. These findings offer a clearer understanding of
the structural and semantic limits of current LLMs in multi-
schema environments, and outline the core factors that define
the boundary between possible and impossible mappings.
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