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USING LLM AGENTS TO GENERATE MIGRATION SQL QUERIES IN
CLOUD COMPUTING PLATFORMS

Abstract. Cloud data warehouse and queries migrations between platforms such as Snowflake and Google
BigQuery present a persistent engineering challenge: while automated translation tools handle the bulk of SQL
conversion, a significant fraction of transformed queries fail at execution time due to dialect divergence, type system
incompatibilities, and platform-specific constraints. At scale, manually correcting these failures is time-consuming, error-
prone, and does not fit into modern automated migration workflows. Each failed transformation traditionally requires a
data engineer to inspect the error, reason about the root cause, produce a fix, and re-run validation, a cycle that becomes
the dominant cost driver when hundreds or thousands of transformations are involved. This paper presents an LLM-based
self-healing agent that automatically detects, diagnoses, and repairs failed SQL transformations. The system is
implemented as a stateful ten-node directed graph using the LangGraph framework, combining large language model
reasoning with Retrieval-Augmented Generation (RAG) over BigQuery-specific documentation stored in a FAISS vector
index. On each iteration, the agent classifies the active error into one of six failure categories, retrieves semantically
relevant documentation passages, performs structured root cause analysis, rewrites the failing query with an explanation
of changes, and executes it against the live BigQuery environment. The agent was evaluated on 109 real-world failed
SQL transformations from four independent migration projects. Of these, 28 involved irresolvable platform-level
constraints and were correctly escalated without consuming the repair budget. On the remaining 81 addressable cases, the
agent achieved a fix rate of 75.3%, with 52.5% of successful repairs resolved in a single iteration, demonstrating both
effectiveness and efficiency.

Keywords: SQL, large language models, LangGraph, Retrieval-Augmented Generation, BigQuery.

Introduction evolving  capability  requirements. The
Large language models have shown migration from Snowflake to Google
strong practical capability across a wide range BigQuery is one of the most popular
of knowledge-intensive tasks. Recent work has transitions. While automated translation tools
demonstrated that fine-tuned LLMs deliver such as Google's BigQuery Migration Service
reliable domain-specific reasoning in areas can convert a large fraction of SQL queries
such as financial news analysis and automatically, a meaningful subset of queries
disinformation detection [1, 2]. Retrieval- fail at execution time due to semantic
Augmented Generation (RAG) has further differences that rule-based transpilers cannot
extended this capability by grounding LLM handle.
responses in externally retrieved, domain- Failed transformations represent a
specific knowledge [3, 4, 5, 6]. critical bottleneck in migration pipelines. Each
SQL query repair during cloud platform failure traditionally requires a data engineer to:
migration is a particularly promising target for (1) inspect the error message and the original
this kind of automation. The task is highly query, (2) reason about the dialect difference
repetitive at scale, error messages are or data type mismatch responsible, (3) produce
structured and machine-readable, and a corrected query, and (4) re-execute and
platform-specific documentation provides a validate the result. At scale, this cycle becomes
natural knowledge source for retrieval- the dominant cost driver in a migration project.
augmented generation. Recent advances in large language
Enterprise data teams increasingly models (LLMs) suggest a promising path
migrate analytical workloads between cloud toward automating this repair process. LLMs
data warehouse platforms, driven by cost have demonstrated strong capability in code
optimization, vendor consolidation, and understanding, error diagnosis, and code
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generation tasks [9, 10]. However, naive
single-shot ~ prompting suffers  from
hallucination and lack of grounding [11, 12].
An iterative, agent-based approach with access
to relevant documentation via RAG offers a
more robust architecture.

This paper makes
contributions:

e A formal taxonomy of Snowflake-to-
BigQuery transformation failure modes,
derived from analysis of production migration
data.

e A LangGraph-based self-healing
agent architecture implementing an iterative
correction loop with structured state
management, adaptive iteration budgeting, and
timeout handling.

e A Retrieval-Augmented Generation
(RAG) component grounded in BigQuery-
specific migration documentation using FAISS
vector search with Google Generative Al
embeddings.

e An empirical evaluation of the agent
on 109 real-world failed SQL transformations
from four migration projects, achieving a
75.3% fix rate.

the following

Analysis of recent research and
publications

LLMs have been increasingly applied to
software  engineering  tasks, including
automated program repair [13], code
generation [9, 10] and bug localization [14].
Several studies have shown that models such
as GPT-4 can successfully repair a substantial
fraction of real-world bugs when provided
with appropriate context [15]. RepairAgent
[13] introduced an autonomous LLM-based
agent for program repair that iteratively applies
repair strategies, demonstrating the viability of
agentic approaches for code correction tasks.

In the domain of SQL, LLMs have been
widely evaluated on text-to-SQL benchmarks
such as Spider and BIRD [20]. Cross-dialect
SQL transpilation, however, has received
comparatively less attention. Existing tools
rely primarily on rule-based rewriting and do
not address execution-time failures caused by
semantic incompatibilities. SQLRepair [7]
addressed SQL repair in an educational context
but is limited to student-authored query
mistakes.
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RAG-based approaches have been
shown to reduce LLM hallucinations by
grounding outputs in retrieved context [16,
17]. The integration of a FAISS-based vector
search [18, 19] with cosine similarity retrieval
[20] provides an efficient mechanism for
selecting relevant documentation passages
based on semantic similarity to the current
error state.

Materials and Methods

Error Taxonomy

Through analysis of failed
transformations in  production migration
pipelines, we identified six actionable error
categories. Each corresponds to a distinct root
cause and requires a different remediation
strategy.

Syntax Error. SQL syntax violations
introduced during translation. These include
incorrect string literal comparison patterns
(e.9., WHERE col = STRING '1), residual
type-casting artifacts, parenthesis mismatches,
and tokens that BigQuery's stricter parser
rejects.

Type Mismatch. Data type
incompatibilities between query logic and the
actual or declared schema. This happens when
Snowflake's implicit type coercions are not
preserved in BigQuery, or when column types
differ between the two platforms.

Undeclared Variable. References to
session variables or procedural variables that
are valid in Snowflake's procedural SQL but
unsupported or out-of-scope in BigQuery.

JavaScript UDF Syntax Error.
JavaScript User-Defined Functions present in
the original Snowflake transformation that
need to be rewritten to work in BigQuery's
JavaScript UDF execution environment.

Column Naming Error. Invalid column
aliases or references that violate BigQuery
naming conventions, such as clashes with
reserved keywords or duplicate aliases within
a SELECT statement.

View Update Error. Attempts to
perform DML  operations  (INSERT,
UPDATE, DELETE) against BigQuery views,
which cannot serve as target objects for data
modification.

A single transformation may exhibit
more than one of these error types at once; the
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agent classifies all applicable types before
beginning any repair work.
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Fig. 1. LangGraph-based self-healing agent architecture
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Agent Architecture

The agent is implemented as a stateful
directed graph using LangGraph [9]. The agent
state has two components: Agent Constant
Values (fixed inputs loaded at entry:
Snowflake source query, auto-translated
BigQuery query, input and output table
schemas, initial error message) and Agent
Variables (mutable state updated across
iterations: current query, iteration history, error
classifications, RAG-retrieved context, flags
for success/platform-issue/hanging).

The graph consists of ten nodes:

Extract Transformation is the entry
node. It loads all context artifacts: the
Snowflake source query, the auto-translated
BigQuery query, input and output table
schemas, and the initial error message. It
initializes the agent state and creates the
iteration storage directory.

Define Error Type invokes the LLM
with a structured prompt to classify the failing
query into one or more error categories from
the taxonomy. It returns a typed Error Types
object containing a list of error type labels and
an explanatory rationale.

RAG Search generates a condensed
retrieval query from the current error message
using an LLM call, then performs similarity
search against the FAISS knowledge base. It
returns the top-5 most relevant documentation
chunks ranked by cosine similarity, which are
injected as additional context into the repair
prompts.

Root Cause Analysis is the diagnostic
core of the agent. Given the current query,
error message, table schemas, iteration history,
error type classifications, and RAG-retrieved
documentation, the LLM produces a structured
Error Analysis object containing a list of Error
Root Cause entries. Each entry specifies a root
cause description, the corresponding error
type, and a concrete repair plan.

Query Rewriter consumes the Error
Analysis from the previous node and generates
a corrected BigQuery SQL query. The LLM is
conditioned on the table schemas, the current
error message, the root cause analysis, the
iteration history, and error-type-specific
prompt augmentations.

Query Executor submits the rewritten
query to the target BigQuery execution
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environment. Execution is wrapped in a
timeout mechanism with configurable retry
logic to handle hanging queries. Execution
time is recorded and used to adaptively reduce
the remaining iteration budget.

Iteration Summarizer produces a
structured Iteration Summary object after each
execution attempt, capturing: the iteration
number, a brief description of the issue found,
the fix applied, the execution outcome, and a
short error description if execution failed.

Next Iteration Router is a conditional
routing node that determines the next state of
the agent. It routes to Store Successful Query
on success; to Transformation Summarizer on
iteration budget exhaustion, detection of
platform-level issues, or query hanging; and
back to RAG Search for the next repair attempt
otherwise.

Store Successful Query persists the
successfully repaired query to disk. This file is
consumed by downstream pipeline steps.

Transformation Summarizer produces
a final Transformation Summary object
describing the entire repair session: the initial
problem, the resolution path, and the final
outcome. The full agent state is persisted for
auditing and diagnostics.

Termination Conditions

The agent terminates under one of four
conditions:

Success. The rewritten query executes
without error. The agent stores the fixed query
and produces a summary.

Iteration budget exhausted. The
number of attempted repairs reaches the
configured maximum (default is 6). Execution

time of individual attempts reduces the
effective budget proportionally.

Platform issue detected. Error
classification identifies a failure not

addressable by SQL rewriting (e.g., DML on a
view). The agent terminates and flags the
transformation for human review.

Query hanging. The query executor
detects a timeout across all retry attempts,
setting the hanging flag and routing to the
summarizer.
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RAG Component

The RAG knowledge base is built from
BigQuery-specific migration documentation,
including the BigQuery SQL reference and
Snowflake-to-BigQuery  migration  guide.
Documents are split into fixed-size chunks
with overlap and embedded using Google
Generative Al text embeddings. The
embeddings are stored in a FAISS index and
persisted to disk for reuse across agent runs. At
retrieval time, the agent generates a condensed
query from the current error context and
retrieves the top-5 chunks by cosine similarity.

Results

Overall Performance

The agent was evaluated on a corpus of
109 real-world failed SQL transformations
from  four independent  Snowflake-to-
BigQuery migration projects (Projects A, B, C,
and D). Of these, 28 cases (25.7%) were
identified by the agent's error classifier as
involving irresolvable platform-level
constraints — specifically View Update Errors
and load-semantic issues and were
immediately escalated without attempting any
repair. The remaining 81 cases were treated as
addressable, and the agent successfully
repaired 61 of them, achieving a fix rate of
75.3% (Fig. 2).

a v u

120 A

I Fixed (success)
B Failed (budget/hanging)
P Platform escalated

Number of cases

A B

109

C D All

Fig. 2. Case disposition by project

Per-Project Performance

Table 1 summarizes the agent's
performance broken down by migration
project. Fix rates varied from 64.3% (Project
B) to 100% (Project A), reflecting differences
in transformation complexity and error-type

composition across projects. Project D
exhibited the highest share of platform-level
issues (12 of 32 cases), consistent with its
dataset containing more DML-against-view
operations.

Table 1. Per-Project Performance

Project Total Pl_atform Addressable  Fixed
cases issues
12 4 (33.3%) 8 8
B 19 5 (26.3%) 14 9
C 41 7 (17.1%) 34 24
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Not Fix rate  Fixed in 1 sr};:g:)f
fixed (%) iteration fixed (%)
0 100.0 5 62.5
5 64.3 7 77.8
10 70.6 15 62.5
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. Total  Platform . Not Fix rate  Fixed in1 L-iter
Project - Addressable  Fixed : . . share of
cases issues fixed (%) iteration fixed (%)
12
D 37 (32.4%) 25 20 5 80.0 5 25.0
28
All 109 (25.7%) 81 61 20 75.3 32 52.5

Initial Error-Type Distribution

Fig. 3 shows the distribution of initial
error types across all 109 evaluated
transformations. A single transformation may
exhibit more than one error type
simultaneously; percentages therefore reflect

the share of cases containing each type. Syntax
errors and type mismatches dominated the
corpus, each appearing in approximately 38%
of cases. Undeclared variable errors and
JavaScript UDF errors were less common but
present in a meaningful fraction.

Type Mismatch
Syntax Error

Undeclared Variable
Missing Table/Storage 8 (7.3%)

Misc. Errors 7 (6.4%)

JS UDF Error 7 (6.4%)
Unsupported Load Option 3 (2.8%)
Column Naming Error 3 (2.8%)
View Update Error 2 (1.8%)

Other 91 (0.9%)

14 (12.8%)

45 (41.3%)

45 (41.3%)

T
20

T T T T

30 40 50 60

Number of cases (out of 109)

Fig. 3. Initial error-type distribution across all 109 cases

Fix Rate by Category

Table 2 presents the fix rate decomposed
by initial error category, computed over
addressable cases only. The agent achieved
perfect fix rates on undeclared variable errors
(9/9, 100%) and column naming errors (3/3,

declarative SQL restructuring. Type mismatch
and syntax errors were resolved at 80.5% and
78.1%, respectively. JavaScript UDF errors
achieved only a 50% fix rate, and view update
errors were never resolved by rewriting (0%),
consistent with their classification as platform-
level issues.

Table 2. Fix Rate by Initial Error Category

100%), reflecting strong capability for
E Addressable
rror category
cases
Type Mismatch 41
Syntax Error 32
Undeclared Variable 9
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Fixed Not fixed Fix rate (%)
33 8 80.5
25 7 78.1
9 0 100.0
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ISSN
E Addressable
rror category cases
JavaScript UDF Error 6
Miscellaneous 5
Column Naming Error 3
View Update Error 2

Iteration Efficiency

Fig. 4 shows the distribution of iterations
required to achieve a successful fix across all
61 repaired cases. The majority, 32 cases
(52.5%), were resolved in a single iteration,
demonstrating that the agent's first-attempt

40

Fixed Not fixed Fix rate (%)
3 3 50.0
2 3 40.0
3 0 100.0
0 2 0.0
reasoning is highly effective for

straightforward dialect-translation errors. The
remaining cases required between two and five
iterations, with a long tail of harder cases
requiring more correction cycles.

35 1 32
(52.5%)

30 A

25 1

20 A

14
(23.0%)

Fixed cases

15 1

10 A

6
(9.8%)

Number of iterations

Fig. 4. Distribution of iterations to successful fix

Fig. 5 breaks down iteration counts by
project. Project B shows the highest
concentration at one iteration (77.8% of its
fixed cases), reflecting a workload dominated
by well-defined type mismatch and syntax

patterns. Project D, by contrast, shows a flatter
distribution extending to five iterations,
consistent with more complex, multi-error
transformations.

30

25 A

20 A

15 A

Fixed cases

10 A

A B

| iter
2 iter

24
1
1

I 3 iter.
4 iter

5 iter.
6 iter.

C

Fig. 5. Iterations to successful fix per project
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Case Outcome Decomposition

Fig. 6 presents the overall outcome
decomposition across all 109 evaluated cases.
Successfully fixed cases account for 56.0% of
the full evaluation corpus. Platform-level
escalations (25.7%) represent cases correctly

Hanging
(1 —0.9%)

Budget
exhausted
(19 — 17.4%)

Platform
escalated
(28 — 25.7%)

identified and forwarded for manual
engineering review. Cases where the iteration
budget was exhausted without a successful fix
account for 18.3% of the total, representing the
remaining gap for future improvement.

Fixed
(61 — 56.0%)

Fig. 6. Overall case outcome decomposition

Discussion

The results show that an LLM agent with
iterative repair and access to platform
documentation can automatically fix a large
share of failed SQL migrations. A 75.3% fix
rate on addressable cases, with more than half
resolved in a single iteration, confirms that the
approach works well for the most common
failure modes.

Fix rates vary by error type, and the
pattern is  straightforward: the more
informative the error message, the easier the
repair. Type mismatch (80.5%) and syntax
errors (78.1%) come with precise, structured
messages that point the agent directly to the
problem. Undeclared variable and column
naming errors are resolved perfectly because
they have both clear error messages and
straightforward fixes.

Correctly escalating the 28 platform-
level cases without attempting any repairs is
also valuable. In a real migration project,
immediately flagging a transformation as
irresolvable by SQL rewriting saves engineers
from wasting time investigating it themselves.

The main limitation is that all four
projects come from the same migration context
and use the same translation tool. How well the
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agent performs on different tools, query styles,
or target platforms is still unknown.

One clear direction for improvement is
replacing the deterministic graph with a deep
research agent. Instead of searching a fixed
document index, such an agent would look up
live documentation, platform release notes,
community forums, and code repositories on
demand. This matters most for the harder cases
— JavaScript UDF rewrites, complex schema
mismatches — where the required knowledge
is either too specific or too recently published
to be fully captured in a static index.

Conclusions

This paper presented an LLM-based
agent that automatically repairs failed SQL
transformations during Snowflake-to-
BigQuery migrations. The system combines
error classification, documentation retrieval,
root cause analysis, and iterative query
rewriting into a single automated loop,
removing the need for manual engineering
intervention on the majority of failed
transformations.

On 109 real-world cases from four
migration projects, the agent fixed 75.3% of
addressable transformations and correctly
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routed all 28 platform-level failures directly to
human review without spending any repair
budget on them. The fact that 52.5% of
successful repairs were resolved on the first
attempt confirms that the RAG-grounded,
error-taxonomy-driven approach provides an
effective first pass for the most common failure
modes.

Error taxonomy classification proved to
be a critical enabler. By separating failures into
distinct categories before any repair attempt,
the agent can retrieve documentation that is
specifically relevant to the active failure mode
rather than performing a generic search. This
targeted retrieval is a key factor in achieving
high first-attempt success rates.

The remaining gaps point to the limits of
a static knowledge base. JavaScript UDF
errors, which achieved only a 50% fix rate, and
view update errors, which were never resolved
by rewriting, represent failure modes where the
required knowledge is either too specific, too
runtime-dependent, or too recently published
to be fully captured in a static document index.

Other open questions include how the
system performs across different translation
tools and a wider variety of analytical query
workloads, how much each individual
component contributes to the overall fix rate,
and whether the error taxonomy can be refined
further to eliminate categories that are
structurally unresolvable by SQL rewriting
alone.
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