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ABSTRACT
Indexes are crucial for database performance. Index tuning, i.e.,
selecting appropriate indexes for a database workload, is an im-
portant problem. The state-of-the-art index tuning tools in the
industry, e.g., Database Tuning Advisor (DTA) developed for Mi-
crosoft SQL Server, rely on a “what-if” API, which can estimate
the cost of a query for a given index configuration. They take as
input a SQL workload and constraints such as a storage bound,
and search over the large space of index configurations to find one
with low optimizer-estimated cost for the input workload. Large
language models (LLMs) offer a different approach to index tuning,
using knowledge they have learned from publicly available training
data. However, the effectiveness of LLM-driven index tuning in
comparison to today’s index advisors, particularly on enterprise
workloads, remains unclear.

In this paper, we study the practical effectiveness of LLM-driven
index tuning on Microsoft SQL Server using both industrial bench-
marks and real-world enterprise customer workloads, and compare
it with DTA. Our results show that while LLMs in several cases
identify configurations that significantly outperform those found
by DTA in terms of execution time, they suffer from high variance
in index recommendation quality. Furthermore, index recommen-
dations from the LLM are often substantially worse than DTA in
terms of optimizer-estimated cost, making it challenging to extend
cost-based index advisors such as DTA to leverage LLMs for in-
dex tuning. We point to some areas of future work that may be
important for robustly leveraging LLMs for index tuning.
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1 INTRODUCTION
Index tuning, the problem of deciding which indexes to create
for a given database workload, is an important and challenging
problem that has been studied extensively [8, 12, 13, 17, 35, 54, 59,
60, 64, 68, 69, 71, 77]. Today’s index tuning tools, aka index advisors
deployed by commercial and open-source database systems such as
Microsoft SQL Server [2, 13], IBM DB2 [64], and PostgreSQL [33],
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adopt a cost-based architecture where the goal is to minimize the
cost of the input SQL workload estimated by the database query
optimizer using a “what-if” API. Although these cost-based index
advisors have been proven effective in practice, inaccuracies in
cost estimates can lead to suboptimal index recommendations [20,
74], sometimes even resulting in query performance regressions
(QPRs) [16, 75]. To mitigate the impact of inaccurate cost estimates
on index tuning, previous work has explored techniques such as
QPR detection or improvements to underlying cost models [20,
45, 48, 75]. However, the effectiveness of these remedies remains
limited due to fundamental challenges in cost estimation [31, 37, 44].

Large language models (LLMs) offer an alternative approach to
index tuning. LLMs have shown promise in other database perfor-
mance tuning tasks, such as query rewriting [19, 41, 43, 46, 50, 82]
and query optimization [6, 62, 81], suggesting that it can capture
and apply useful domain knowledge without explicit cost models.
Several recent studies have taken initial steps toward the appli-
cation of LLMs to index tuning [25, 40, 84], exploring different
task formulations and prompt designs, and reporting promising
early results. However, these studies primarily evaluated LLMs on
open benchmarks that are likely included in LLM’s training data.
As a result, the effectiveness of LLMs when applied to real-world
enterprise workloads is not well understood, particularly those
involving complex queries with views, common table expressions
(CTEs), nested sub-queries, etc. or databases with a large number
of manually created indexes — characteristics that open bench-
marks typically lack. Moreover, the benefits of LLMs compared to
a state-of-the-art commercial index tuner, such as Microsoft SQL
Server Database Tuning Advisor (DTA) [12], remain unclear, as
the evaluations in previous work were limited to PostgreSQL and
comparison with simplified baselines.

In this paper, we study LLM-driven index tuning using both
public benchmarks and real-world enterprise customer workloads.
We evaluate its effectiveness in comparison with DTA on Microsoft
SQL Server. We focus on pre-trained LLMs in an end-to-end setting,
given only basic information about the database and workload.
Unlike previous work that relies mainly on estimated cost from
the query optimizer [35, 85], our evaluation is based on the actual
execution time of each query. Our study covers the following aspects:

• Single-query vs. Multi-queryWorkloads.We evaluate index tuning
for both single-query and multi-query workloads, both of which
are important scenarios in practice.

• Constrained vs. Non-constrained Tuning. Constraints (e.g., the
maximum number of indexes or storage space allowed) play an
essential role in index tuning as they can change the search space
of the index tuner. Both constrained and non-constrained index
tuning have applications in practice [13, 35, 64, 77].

ar
X

iv
:2

60
3.

09
18

1v
3 

 [
cs

.D
B

] 
 2

7 
Ju

l 2
02

6

https://doi.org/XX.XX/XXX.XX
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/XX.XX/XXX.XX
https://arxiv.org/abs/2603.09181v3


• Synthetic Benchmarks vs. Real-world Workloads. Existing evalua-
tions are largely based on public benchmarks, which are available
for LLM training. Real-world enterprise customer workloads, on
which LLMs have not been trained, therefore provide a new test
to assess the effectiveness of LLM-driven index tuning.
In our experiments, we invoke the LLM five times for each

query or workload. For each invocation, we implement the LLM’s
recommendation and execute the query/workload. Due to non-
determinism inherent in LLMs, we observe that even for the same
query, LLM’s recommendations change significantly across invoca-
tions. Note that we invoke DTA only once since it is deterministic.
The key findings from our experimental study are:

LLM-recommended indexes provide complementary ben-
efits compared to DTA. When considering the best recommenda-
tion across the five invocations, for a significant fraction of single-
query workloads (approximately 67%), we find that the LLM can
identify a configuration that is comparable to that returned by DTA
(Section 3.1). These results hold for both industry benchmarks and
real-world workloads. We also find that the LLM often proposes
fewer indexes than DTA (Section 3.2). Moreover, for 31% of queries,
the LLM identifies configurations that substantially outperform
those recommended by DTA (≥ 20% faster). Such queries are pri-
marily those where DTA’s recommendation is misled by inaccurate
optimizer cost estimates (Section 3.3). For multi-query workloads,
DTA delivers more consistent performance improvements overall
compared to the LLM. However, the LLM still suggests configura-
tions that significantly outperformDTA in two of the fiveworkloads
evaluated in our experiments (Section 5.1).

LLM exhibits high performance variance, with worst-case
outcomes significantly worse than DTA. LLM-driven index
tuning exhibits substantial performance variance across invocations
for the same query, and its worst-case outcomes can significantly
underperform DTA. In some cases, these recommendations can also
lead to severe QPRs (Sections 3.4 and 5.1). This variance occurs
across workloads as well. For example, in some workloads, even the
best index configuration found by the LLM is significantly worse
than DTA. We also observed that poor LLM recommendations
became more frequent as workload size increases (Section 5.3).
These results suggest that, despite their promise, it is not prudent
to directly adopt LLM-generated recommendations in practice. The
next two findings are motivated by the goal of evaluating if LLMs
can be robustly used in index tuning, i.e., without incurring the
high risk of performance degradation.

Directly integrating LLM recommendations into DTA of-
ten leads to performance degradation. We evaluate the fea-
sibility of expanding DTA’s pool of candidate indexes with LLM-
recommended indexes, while leaving the rest of DTA unchanged. In
principle, this approach expands DTA’s search space and may allow
it to identify configurations with lower estimated costs while retain-
ing the deterministic behavior of DTA. However, for single-query
workloads, our results show that this strategy is ineffective in prac-
tice. The final configurations selected by DTA from the augmented
pool of candidates is often unchanged, or leads to performance
degradation when implemented, again due to inaccuracies in the
optimizer’s cost estimation (Section 6.1). Formulti-queryworkloads,

Table 1: Summary of database and workload properties.
Name DB Size # Queries # Tables # Joins # Scans # Ops (Avg/Max)

TPC-H sf=10 22 8 2.8 3.7 19.1 / 38
Real-D 587GB 29 7912 15.6 17 71.7 / 197
Real-M 26GB 40 474 20.2 21.7 71.7 / 183
Real-R 100GB 24 20 6.5 7.2 39.3 / 210
Real-S 40GB 12 32 7.3 9.7 40.9 / 67

the LLM tends to directly identifies indexes that benefit multiple
queries. This is in contrast to DTA, which first optimizes each query
independently to identify candidates and then merges candidates
from different queries to include new candidates that are promising
at the workload level. Indexes identified by the LLM are not always
considered by DTA and, in two out of the five workloads, expanding
DTA’s pool of candidate indexes with LLM-recommended indexes
improves DTA’s quality significantly (Section 5.2 and 6.1).

Effective heuristics can be distilled from LLM. When an-
alyzing LLMs’ recommendations and their reasoning process on
single-query workloads, we observed a few recurring patterns in
their choice of indexes (Section 4.1). Based on this observation, we
develop a simple rule-based index tuner that aims to distill these
patterns into a deterministic program (Section 4.2). Interestingly,
we find that the heuristic index tuner provides most of the bene-
fits of LLM-recommended indexes, particularly for queries where
DTA underperforms LLM (Section 4.3). Although more experiments
are required to evaluate whether this approach is effective across
different prompts and models, this experiment serves as a “proof-
of-concept” that meaningful value can be derived from analyzing
LLM’s reasoning without necessarily incurring the high variance
that accompanies LLMs.

In the following, we summarize the implications of our study for
database practitioners and researchers and point to opportunities
for future work.
• Although LLMs demonstrate potential for providing good-quality

index recommendations on industry benchmarks and real-world
enterprise workloads, due to the high variance in quality, safely
realizing their potential in practice remains an open problem.

• A straightforward integration of LLM-recommended indexes
into cost-based index tuning advisors such as DTA is ineffective
in practice. Exploring alternative ways of leveraging the best
of both approaches, e.g., with prompts that may help limit the
downside, or using index advisors as a tool and having LLM play
the role of an orchestrator, is an interesting area of future work.

• Validation of index recommendations has previously been used
to prevent regressions by evaluating a configuration after deploy-
ment and workload execution [10, 75]. However, index creation
and workload execution can be expensive and disruptive. Since
LLMs can identify high-quality indexes but exhibit high variance,
validation is essential for leveraging LLM-driven index tuning.
Thus, developing more efficient and less disruptive validation
mechanisms, such as those enabled by branching techniques [53],
is an important direction for future index tuning.

• Another direction is to harness the potential of LLM-driven index
tuning while reducing its variance. One approach is to develop
heuristic techniques by incorporating domain knowledge dis-
tilled from LLMs. It is also interesting to investigate whether
models fine-tuned for index tuning can outperform pre-trained
LLMs by achieving more consistent quality.



You are a database expert for Microsoft SQL Server with index tuning capabilities. Your goal is 
to recommend non-clustered indexes only on Microsoft SQL Server. Find below:
1. A SQL query whose performance you are trying to improve.
2. Schema information for the tables and views used in the query, including existing indexes on 
the tables and definition of the views referenced in the query.
3. The plan for the query in tabular format where each row corresponds to a physical operator in 
the plan. Each row contains information about the operator such as estimated rows estimated cost.
Your task is to analyze the query, schema and execution plan and recommend zero or more non-
clustered indexes that should be created on the tables referenced in the query to significantly 
improve this query's performance.

1. SQL Query:
{{ QUERY }}

2. Schema information:
{{ SCHEMA INFO }}

3. Execution plan:
{{ PLAN INFO }}

Your response should strictly consist of a python-compatible JSON response of the following 
schema. Do not include any additional text in the prompt, such as descriptions or intros. Return 
just a python-compatible list of SQL commands only.
{
   commands: [list of the SQL commands]
}
If the query references a view, do not recommend indexes on the view, but rather on the 
underlying tables of the view. The underlying tables of the view can be found in the schema 
information. If a table is only scanned once, do not recommend multiple indexes on it. All the 
referenced columns for each table can be found in the schema information. Do not recommend 
filtered indexes.

Think hard and step by step!

Figure 1: Single-query workload prompt template.

2 METHODOLOGY
In this section, we present the methodology used in our study.

2.1 Benchmark and Customer Workloads
Unlike existing work that has been primarily evaluated using public
benchmarks with synthetic data and queries, we focus on real-world
customer workloads in our study. Table 1 summarizes the properties
of the workloads that we used, including schema complexity (e.g.,
the number of tables), query complexity (e.g., the average and/or
maximum number of joins, table scans, and operators per query),
and the sizes of database and workload.

We adopt four customer workloads with diverse properties.
These workloads consist of real-world analytical queries that make
intensive use of features such as CTEs and views, and the underlying
tables contain numerous pre-existing indexes that were manually
created by human experts. We also include the standard TPC-H
benchmark with a scaling factor (sf) of 10.

2.2 Experimental Setups
2.2.1 Evaluation Baseline. To evaluate the effectiveness of LLM-
driven index tuning on real-world queries, we adopt Microsoft
Database Tuning Advisor (DTA) [2, 12] as the baseline in this study.
DTA is a commercial industrial-strength index tuner that represents
the current state of the art (SOTA) in classic cost-based index tuning.
Thus, it serves as a strong reference point for comparing LLM-
driven index tuning.

DTA adopts a cost-based software architecture that contains
three major components: (1) workload parsing and analysis, which
analyzes input workload queries to identify indexable columns [13],
such as columns appearing in filter or join conditions; (2) candidate
index generation, which determines the key columns and included
columns of potentially beneficial indexes as well as the orders of the
columns; and (3) configuration enumeration, which selects a subset
(a.k.a. a configuration) from the candidate indexes that canminimize
the estimated workload execution cost while adhere to the given
index tuning constraints. To estimate the cost of a query (and thus
the workload) with an index configuration, DTA uses the “what-if”
API [14], which is an extended functionality of the query optimizer

Node 
Id

Parent 
Node Id

Operator Arguments Estimated 
Cost

Estimated 
Rows

1 Aggregate GroupBy: o_orderpriority; AggExpr: COUNT(*) 925.999 5

2 1 Sort OrderBy: o_orderpriority 925.999 80

3 2 Hash Match 925.959 80

4 3 Nested Loops 925.298 456358

5 4 Index Scan Table: orders; Where: o_orderdate >= '1997-03-
01' AND o_orderdate < '1997-06-01'

169.076 456358

6 4 Index Seek Table: lineitem; Where: l_commitdate <
l_receiptdate

754.768 1

Figure 2: Prompt plan example (TPC-H q04, simplified).
that can perform this cost estimation without materializing the
indexes to the underlying storage system.

Recent studies have proposed various extensions to DTA such
as reducing query performance regression [20, 72] and improving
its scalability when processing large workloads [58, 60, 68, 69, 77].
These techniques have not been used in the production DTA studied
in this paper, and their integration with DTA remains future work.

2.2.2 Performance Metric. Rather than using estimated cost [35,
85], we adopt execution time as our main evaluation metric. For
each configuration, we execute each query in isolation five times,
with each run capped at five minutes (300 seconds), and report the
median execution time. For multi-query workloads, we use the total
execution time of all queries in the workload.

2.2.3 Hardware and Software Platform. We use Microsoft SQL
Server 2022 as the database system for evaluation. All experiments
are conducted on a standard Azure M32bds v3 virtual machine [49]
with 32 vCPUs and 256 GB memory, running Windows Server 2022.

2.3 Setups of LLM-Driven Index Tuning
We tried various LLMs, such as DeepSeek-R1 [29], Qwen3 [79],
GPT-4o [30], and GPT-5 [51]. We observe substantial variance in
the effectiveness of different LLMs, with GPT-5 performing the
best among all models evaluated in our experiments. Therefore,
all evaluation results reported in this paper are based on GPT-5. For
each prompt, we invoke GPT-5 five times independently and collect
the responses. In the remainder of this paper, we use the two terms
GPT-5 and LLM interchangeably.

2.3.1 Single-query Workload Tuning. Figure 1 presents the prompt
template for tuning single-query workloads. It begins with instruc-
tions that describe the input information provided and the opti-
mization task. It ends with specifications of the output format and
additional constraints, such as prohibiting index creation on views.
Query-specific information that needs to be included in the prompt
consists of the following: (1) the SQL text of the query, (2) the data-
base schema, and (3) the current query execution plan based on the
original index configuration. This information is represented by
the placeholders {{· · · }} in Figure 1.

Database Schema. The information about the database schema
contains all base tables that are referenced by the query, along
with their cardinalities, included columns, and pre-existing indexes.
Definitions of all views referenced by the query are also included.

Query Execution Plan. Following previous work [50], the query
plan with the original index configuration (i.e., pre-existing indexes)
is represented in tabular form, where each row corresponds to a
physical operator and includes its detailed description (e.g., filter
or join condition), estimated cost, and estimated cardinality. To
ensure a fair comparison with DTA, query plans are obtained using



You are a database expert for Microsoft SQL Server with index tuning capabilities. Your 
goal is to recommend non-clustered indexes only on Microsoft SQL Server. You are given a 
workload consisting of {{ WORKLOAD SIZE }} queries. For each query, find below:
1. A SQL query whose performance you are trying to improve.
2. Schema information for the tables and views used in the query, including existing 
indexes on the tables and definition of the views referenced in the query.
3. The plan for the query in tabular format where each row corresponds to a physical 
operator in the plan. Each row contains information about the operator such as estimated 
rows estimated cost.
Your task is to analyze the workload, including the sql query, schema and execution plan 
of each query and recommend zero or more non-clustered indexes that should be created on 
the tables referenced in the workload to significantly improve this workload's 
performance.

###### Query 1 ######
1. SQL Query:
{{ QUERY }}

2. Schema information:
{{ SCHEMA INFO }}

3. Execution plan:
{{ PLAN INFO }}

###### Query 2 ######
1. SQL Query:
{{ QUERY }}

2. Schema information:
{{ SCHEMA INFO }}

3. Execution plan:
{{ PLAN INFO }}

……

Your response should strictly consist of a python-compatible JSON response of the 
following schema. Do not include any additional text in the prompt, such as descriptions 
or intros. Return just a python-compatible list of SQL commands only.
{
   commands: [list of the SQL commands]
}
If a query references a view, do not recommend indexes on the view, but rather on the 
underlying tables of the view. The underlying tables of the view can be found in the 
schema information. Do not recommend filtered indexes.
Optimize the performance of the entire workload, but use at most {{ BUDGET }} indexes.

Think hard and step by step!

Figure 3: Multi-query workload prompt template.

the Microsoft SQL Server command “SET SHOWPLAN_XML ON”
without executions. As an example, Figure 2 shows the query plan
representation for TPC-H query 4. The plan uses a nested loop
followed by a hash match to implement the semi-join, then sorts
and aggregates the qualifying rows. Details such as parallelism are
omitted in this example for the sake of clarity.

Remark. Our goal is not to identify an optimal prompt, but to
provide LLM with basic information that a human expert would
need to make informed index recommendations. In this study, we
focus on evaluating the fundamental capability of LLM for index
tuning, given only rudimentary information. More variations of
LLM-driven index tuning are discussed in Section 7.

2.3.2 Multi-query Workload Tuning. For each query in the work-
load, we generate query-specific information using the same pro-
cedure as for single-query workloads and then concatenate these
representations. Figure 3 presents the prompt template used for
tuning multi-query workloads. We make a few modifications to
the instructions to accommodate the multi-query tuning scenario,
incorporating additional information such as the workload size and
the number of indexes allowed.

Unlike existing work [25, 84] that compresses input workload
information to stay within LLM’s token limit, we deliberately retain
the complete information for each query in the prompt, for two
reasons. First, GPT-5 supports up to one million tokens, which is
sufficient for many real-world customer workloads. Second, input
compression may eliminate critical details of the workload, result-
ing in degraded performance and obscuring the true capabilities of
LLM that we aim to evaluate.

3 SINGLE-QUERYWORKLOADS
In real-world applications, single-query workloads are common.
For example, Microsoft SQL Server has a feature such that the query
optimizer can automatically suggest “missing indexes” for a given
query that would significantly improve the query performance if
these indexes were created [1]. Moreover, they are special cases
of more general multi-query workloads that will be studied in
Section 5. In fact, DTA uses a two-phase greedy search algorithm [13,
77] where it breaks the overall index selection problem into two
search phases: (1) query-level search and (2) workload-level search.
The query-level search phase addresses exactly the single-query
workload tuning problem.

We do not enforce constraints such as the maximum storage
space allowed for LLM on single-query workloads. By default, DTA
sets the storage space constraint as 3× of the database size, which
is more than sufficient for any single query and would not result in
premature recommendations due to space constraints.

3.1 Overview of Evaluation Results
Figure 4 presents the evaluation results when comparing GPT-5
with DTA for tuning single-query workloads, in terms of query
execution time with the recommended indexes. To illustrate the
best potential of LLM, in the analysis from Section 3.1 to Section 3.3,
we use the best-performing recommendation among the five LLM
responses (denoted by the green bar in Figure 4) as the outcome
of LLM-driven index tuning. We also discuss worst-case results in
Section 3.4 but defer other results (e.g., from the first and median
responses) to the full version of the paper [67]. The average re-
sponse time of GPT-5 is 1.1, 1.7, 1.9, 2.2, and 2.0 minutes on queries
in TPC-H, Real-M, Real-D, Real-R, and Real-S, respectively.

• TPC-H: Compared to DTA, GPT-5 performs similarly or better
for most queries. For example, it significantly outperforms DTA
for queries 5 and 17, whereas DTA is advantageous for queries
14 and 21. Since TPC-H is a well-known benchmark that is pub-
licly available, it may have been seen during GPT-5’s training.
Therefore, we also tried to “anonymize” the queries by replacing
the table and column names with randomly generated identi-
fiers. However, we observed similar performance for GPT-5 on
the anonymized version, which is consistent with the findings
reported in prior work [25].

• Real-D: We observe that LLM significantly outperforms DTA
for several queries (e.g., queries 1, 4, 9, 15, 18, 20, 27, and 31),
while DTA performs better for others (e.g., queries 3, 11, 22, 23,
26, 28, and 30). Overall, the observations are similar to those
from TPC-H, despite the substantially higher schema and query
complexity of Real-D.

• Real-M: DTA achieves better performance for only a small num-
ber of queries (e.g., queries 7 and 29), whereas LLM outperforms
DTA for many others (e.g., queries 6, 9, 12, 19, 27, and 33). More-
over, for several queries (e.g., queries 6, 27, and 33), indexes
recommended by DTA lead to query performance regressions
(QPRs) [20, 21, 73, 75]. In these cases, LLM is able to identify a
better plan that improves query execution time.

• Real-R: The observations are similar to those from Real-M.
Except for a few queries (e.g., queries 6, 10, and 25), LLM outper-
forms DTA, sometimes quite significantly (e.g., for queries 5 and
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Figure 4: LLM-driven index tuning (best) vs. DTA for tuning single-query workloads (marker denotes the worst run of LLM).

22). Notably, DTA’s recommendation results in a severe QPR for
query 22 (nearly a 10× slowdown in execution time), whereas
LLM improves by approximately 60%, reducing its execution
time from 10 seconds to 4 seconds.

• Real-S: LLM and DTA perform similarly forReal-S queries. DTA
significantly outperforms LLM for queries 2 and 8, while LLM
significantly outperforms DTA for query 7. We do not observe
QPRs for the Real-S queries.

Based on the observations, we have the following conclusion.
Key Finding 1. With a small number of trials, the best outcome of
LLM-driven index tuning underperforms, matches, or substantially
outperforms DTA across different sets of queries, each comprising a
considerable fraction of our test cases.

This observation highlights the complementary potential of LLM-
driven index tuning for industrial single-query workloads, as it
can identify configurations that substantially outperform those
produced by DTA for many queries, particularly in cases where
DTA’s recommendation leads to a performance regression.

3.2 Efficacy of LLM-Recommended Indexes
Since we impose no explicit constraints on the number of indexes
recommended by LLM, its strong performance may stem from
proposing a sufficiently large set of indexes, thus increasing the
likelihood of covering optimal configurations. To assess this possi-
bility, we conduct a drill-down analysis to better understand the real
efficacy of LLM-recommended indexes, as reported in Section 3.1.

Figure 5 presents the number of LLM-recommended indexes
utilized by query plans for single-query workloads. For comparison,
we also show the number of indexes recommended by DTA.

• TPC-H: For most queries, all indexes recommended by LLM are
utilized by their query plans, with only a couple exceptions (e.g.,
queries 20 and 21). Interestingly, DTA recommends more indexes
for certain queries (e.g., queries 2, 13, 14, 18, 20, and 21), which
are all utilized by the corresponding query plans.

• Real-D: Most of the indexes recommended by LLM are utilized
by the corresponding query execution plans. For more than half
of the queries, DTA recommends substantially more indexes
compared to LLM. For example, DTA recommends 17 indexes
for the query 4 whereas LLM recommends only 7 indexes.

• Real-M: Similarly, DTA typically recommends considerably
more indexes than LLM. However, it does not recommend any
indexes for several queries (e.g., queries 8, 12, 15, 17, 21, and 24).
Meanwhile, LLM recommends fewer indexes, most of which are
utilized by the corresponding query execution plans.

• Real-R: DTA and LLM recommend similar numbers of indexes
for most queries, with a few exceptions (e.g., queries 8, 9, and 12)
where DTA recommends significantly more indexes.
• Real-S: Indexes recommended by LLM are not utilized by the

corresponding query plans for several queries (e.g., queries 2, 3,
and 4). Meanwhile, DTA does not recommend any indexes for
quite a few queries (e.g., queries 3, 4, 9, and 12).

Based on the above observations, we conclude the following.
Key Finding 2. Most of the indexes that LLM proposes for single
queries are effectively utilized by the corresponding query plans. In
many cases, LLM recommends even fewer indexes than DTA.

3.3 What Happens When LLM Performs Better?
Next, we conduct a deeper investigation into the cases where LLM
outperforms DTA. Specifically, we examine these queries by com-
paring the estimated costs of query plans produced using indexes
recommended by DTA and LLM. Figure 6 summarizes the results.
Only cases where LLM outperforms DTA are shown.

Each graph in Figure 6 is a histogram showing the distribution
of queries by the difference in estimated costs between the plans
produced by LLM and DTA. The 𝑥-axis denotes this cost difference:
negative values indicate that the LLM-recommended indexes are
favored by query optimizer’s cost model, while positive values
indicate the opposite. The red dashed line indicates zero difference.
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Figure 5: Comparison of index usage between LLM-driven index tuning and DTA for tuning single-query workloads.

The 𝑦-axis represents the number of queries that fall into each
cost-difference bin. We have the following observation.
Key Finding 3. For queries where LLM-recommended indexes yield
faster execution time, their optimizer-estimated costs are consistently
higher than those of the indexes recommended by DTA.

This reveals the deployment risk shared by DTA and other
cost-based index tuners. Although these cost-based index tuners
are widely adopted in industrial applications [10, 16, 33, 64], their
efficacy largely depends on the accuracy of the model used by the
underlying query optimizer. It is well known that query optimizer’s
cost estimates can be inaccurate for various reasons, such as errors
from cardinality estimation [31, 37, 66, 76]. Therefore, while these
cost-based index tuners are generally reliable, they can sometimes
result in poor index recommendations.

In contrast, the index tuning approach taken by LLM is based on
reasonable rule-of-thumb heuristics (Section 4) derived from the
world knowledge acquired during LLM’s training. Such heuristics
may not be comprehensive enough to cover all plan transforma-
tion rules built into a modern cost-based query optimizer [26], but
they can be used to improve query execution. More importantly,
although LLM can miss certain opportunities that DTA can find
(e.g., when LLM underperforms DTA in Figure 4), its heuristic-
based recommendation is less susceptible to inaccurate cost estimates.
Table 2 presents such examples, where query plans using LLM-
recommended indexes have a higher estimated cost but achieve a
substantially better execution time.

Due to inaccurate cost estimates, DTA would not select the con-
figurations identified by LLM since their estimated costs are larger
(than the ones finally selected by DTA), even when they fall within
the search space of DTA. Such inaccuracies can sometimes lead to
severe QPRs, such as query 4 from Real-D and query 27 from Real-
M. These results help explain the complementary performance of
LLM-driven index tuning relative to DTA.

3.4 Performance Variance of LLM
So far, we have focused on the best results from LLM, highlight-
ing its strong performance potential. However, we also observe
substantial performance variance in LLM-recommended configu-
rations. To further illustrate this, this section examines the worst
outcomes among the five invocations, indicated by the star markers
in Figure 4, and compares them against the best results.

• TPC-H: The gap between the best and worst outcomes across the
five LLM invocations is substantial for many queries (e.g., queries
1, 3, 4, 5, 8, 9, 12, and 20). This gap is particularly pronounced
for query 20, where the worst outcome results in a severe QPR.
With the worst-case outcomes, LLM no longer outperforms DTA
for any query and, in most cases, performs substantially worse.

• Real-D: There are a few cases where the worst LLM response
achieves a similar level of improvement to the best one and still
outperforms DTA (e.g., queries 1, 9, 20, and 27). However, for the
majority queries, the worst response offers no improvement in
execution time. For some queries (e.g., queries 13, 14, and 31), it
leads to QPRs and eventually timeouts, whereas the correspond-
ing best response does not exhibit such behavior.

• Real-M: The execution time variance across different LLM invo-
cations remains substantial. The worst responses lead to QPRs
for queries such as 5 and 27. Moreover, they consistently under-
perform DTA, even for queries where the best LLM outcomes
outperform DTA (e.g., queries 3, 9, 19, 27 and 34).

• Real-R: We observe two significant QPRs caused by the worst
LLM responses, both resulting in timeouts. Although these worst-
case outcomes can still accelerate some of the queries, they out-
perform DTA for only two queries (i.e., queries 22 and 24).

• Real-S: The worst of the five LLM responses cannot match the
performance of DTA. In particular, for query 7, which is the only
case where the best LLM response outperforms DTA, the worst
response is unable to produce any improvement.

Key Finding 4. LLM-driven index tuning exhibits substantial per-
formance variance within a small number of trials. Its worst outcomes
may significantly underperform DTA and, in many cases, lead to
severe performance regressions.

This observation motivates careful performance validation be-
fore adopting LLM-recommended indexes in production.We discuss
this aspect in more detail in Section 6.2.

4 DISTILLING INSIGHTS FROM LLM
We found the effectiveness of LLM-recommended indexes on real-
world single-query workloads surprising (Section 3). However, we
also found that the non-determinism of LLM leads to significant
variance (Section 3.4) in the index recommendation quality for the
same query as well as across queries. We therefore conducted two
follow-up studies. First, we analyzed the reasoning process output by
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Figure 6: Comparison of the estimated costs between LLM-driven index tuning and DTA for single-query workloads.

Table 2: Examples of inaccurate estimated cost with the what-
if API vs. actual plan execution time.

Query DTA Cost DTA Time GPT-5 Cost GPT-5 Time
TPC-H q05 132.736 3.437s 268.35 0.603s
Real-D q04 1402.38 134.324s 3767.51 19.211s
Real-D q27 268.087 13.427s 295.872 4.375s
Real-M q19 2934.32 12.522s 12088.7 1.549s
Real-M q27 553.253 10.210s 1643.99 1.202s
Real-R q22 34.3663 111.259s 40.7258 4.268s
Real-S q07 5.64505 11.398s 8.43237 3.168s

the LLM during inferencing to characterize the basis on which LLM
generates its recommendations. Our analysis reveals several rules of
thumb used by the LLM when recommending indexes (Section 4.1).
Second, using these rules of thumb, we built a simple deterministic
index tuner. Our intent was to evaluate whether such an approach
could derive most of the benefits of an LLM without inherting its
variance in quality (Section 4.2).

4.1 Analysis of LLM’s Reasoning Process
To analyze GPT-5’s reasoning process, we instruct it to output
its reasoning together with the recommended indexes. Figure 7
presents two typical examples. The recommended configurations
result in a 97% improvement for TPC-H query 5 and a 95% im-
provement for query 7. We observe that LLM’s reasoning usually
begins with identifying the bottleneck operators in the input query
plan, followed by analysis of how to use indexes to improve these
bottlenecks. For example, for query 5, GPT-5 argues that having an
index built on the orders table to seek by o_orderdate can replace
the costly Clustered Index Scan operator and lead to significant
speedup. Examining these LLM reasoning processes during our
evaluation, we make the following observation.
Key Finding 5. In summary, GPT-5’s reasoning reveals several sim-
ple rules of thumb: (1) prioritize building indexes that reduce costly
scan operations; (2) order index key columns according to cues from
the query plan, such as filters, joins, and aggregates; (3) introduce
covering indexes when possible to enable index-only scans and avoid
expensive full table scans; and (4) ignore small table scans.

These rules of thumb are much simpler than DTA’s approach
to index recommendation. DTA takes a cost-based approach that
relies on the what-if API provided by the query optimizer. Even dur-
ing candidate index generation, it makes cost-based decisions [12].
For example, after parsing the workload queries, DTA uses a fre-
quent pattern mining procedure [3] to identify interesting table
subsets and column groups based on their frequency and costs.
Multi-column indexes are restricted to those defined on interesting
column groups. For indexes on columns with filter conditions, DTA
orders the columns by the estimated selectivity of the correspond-
ing predicates. Moreover, DTA uses index merging [15] to combine
similar candidate indexes, which is again guided by cost estimates.

Biggest costs come from Clustered Index Scan on orders (date filter) and full scan of 
lineitem with bitmap. Add an index on orders to seek by o_orderdate and supply join 
columns, and a covering index on lineitem keyed by l_orderkey to avoid scanning the 
clustered table or doing massive lookups while providing l_suppkey, l_extendedprice, and 
l_discount for the join and aggregation. Other tables are tiny or already well-indexed.

Most cost is from repeatedly probing lineitem by orderkey and then hitting the clustered 
index to evaluate l_shipdate and fetch needed columns. Add a covering NCI on l_shipdate 
to enable a selective range seek that can drive joins and reduce rows early. Also add a 
covering NCI on l_orderkey so, if the optimizer keeps the current join order, it can 
avoid clustered lookups and evaluate the shipdate predicate at the index level. Other 
tables already have adequate supporting indexes; nation scans are negligible.

TPC-H q05 (improvement: 97%)

TPC-H q07 (improvement: 95%)

Figure 7: Examples of GPT-5’s reasoning process.
4.2 A Simple Rule-based Index Tuner
These rules of thumb that we observed from GPT-5’s reasoning
process align with human intuition. Together with the strong but
unstable performance that LLM shows in Section 3, it will be inter-
esting to ask whether we can distill some insights from LLM into a
deterministic program. To explore this direction, we develop a simple
rule-based index tuner guided by these summarized insights.

The simple tuner constructs one covering index per table by
analyzing only the original query plan. A technical problem is to
determine the order of key columns for each index, as we do not
observe a consistent pattern from GPT-5. Our approach follows the
implicit column-access order with respect to selective operators in
the query plan. For example, if the plan first filters a table on column
𝐴, then joins it with another table on column 𝐵, and the final output
is ordered by column 𝐶 , we construct an index with key columns
ordered as (𝐴, 𝐵,𝐶). Any additional referenced columns from the
same table (e.g., those needed by projection) are incorporated into
the index as included columns. This approach is motivated by two
considerations. First, the index thus generated is likely to be used
to improve the current plan, which is the best plan returned by the
query optimizer with existing indexes. Second, the new index is
less likely to significantly change the current join order, reducing
the risk of selecting a new but potentially disastrous one [75].

Algorithm 1 presents the details of our rule-based index tuner. It
begins by enumerating all base tables referenced in the plan and ini-
tializing three variables for each table: (1) the ordered key-column
list 𝐾 , (2) the set of referenced columns 𝐴, and (3) the cumulative
access cost 𝐶 (lines 2 to 3). It then performs a depth-first traversal
of the query plan via the procedure Traverse, which updates 𝐴 and
𝐶 whenever a Scan operator is encountered (lines 14 to 16), and
appends columns to 𝐾 when they appear in selective or ordering
operators, e.g., IndexSeek, Filter, Join, GroupBy, OrderBy (lines
17 to 18). After traversing the query plan, it constructs a covering
index for each table whose cumulative access cost is significant
enough, using the collected list of key columns and the set of refer-
enced columns (lines 6 to 8). To determine the significance of the
cumulative access cost of a table, we specify a percentage threshold
0 ≤ 𝛼 < 1. A table is costly enough if its cumulative access cost is
greater than 𝛼 timed by the total plan cost (line 7).
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Figure 8: Evaluation of the simple index tuner (y-axis: ■ DTA time, ▲ best time of DTA and the simple index tuner).

Algorithm 1: SimpleIndexRecommendation(𝑟 , 𝛼)
Input: 𝑟 : root of the plan tree; 𝛼 : index-building threshold.
Output: I: set of index recommendations.

1 T ← getAllBaseTables(𝑟 ) ;
2 foreach 𝑡 ∈ T do
3 𝐾 [𝑡 ] ← [ ];𝐴[𝑡 ] ← ∅;𝐶 [𝑡 ] ← 0;
4 Traverse(𝑟 , 𝐾 ,𝐴,𝐶);
5 I ← ∅;
6 foreach 𝑡 ∈ T do
7 if 𝐶 [𝑡 ] > 𝛼 · 𝑟 .cost then

// Build a covering index.
8 I ← I ∪ buildIndex(table = 𝑡, keyCols =

𝐾 [𝑡 ], includedCols =𝐴[𝑡 ] \𝐾 [𝑡 ] ) ;
9 return I;

10

11 Traverse (𝑛, 𝐾 ,𝐴,𝐶)
12 foreach 𝑛𝑐 ∈ 𝑛.children do
13 Traverse(𝑛𝑐 , 𝐾 ,𝐴,𝐶);
14 if 𝑛.type = Scan then

// Accumulate base table access cost.
15 𝐶 [𝑛.table] ← 𝐶 [𝑛.table] + 𝑛.cost;

// Collect all referenced columns.
16 𝐴[𝑛.table] ← 𝐴[𝑛.table] ∪ 𝑛.allRefCols;
17 foreach 𝑐 ∈ 𝑛.seekCols ∪ 𝑛.predicateCols ∪ 𝑛.groupByCols ∪

𝑛.orderByCols ∪ 𝑛.joinKeyCols do
// Collect key columns in order of first access.

18 𝐾 [𝑐.table] ← appendIfNotExists(𝐾 [𝑐.table], 𝑐 ) ;

4.3 Evaluation of the Rule-based Index Tuner
Figure 8 presents the evaluation results of the rule-based index tuner
(Algorithm 1), with all five workloads using 𝛼 = 0 (i.e., building
indexes for all tables) and 𝛼 = 0.01 (i.e., skipping tables whose
estimated access cost ≤ 1% of the total plan cost). Again, only
cases where LLM outperforms DTA are shown. To highlight the
complementary benefit that this simple tuner can offer, we report
results only for queries where the LLM outperforms DTA.

For each query, we compare the execution time obtained under
different tuning strategies. The x-axis shows the best execution
time achieved by LLM among its five responses. The y-axis reports
the execution time under two interpretations, distinguished by the
shape of the marker: square markers denote the execution time
under DTA, while triangle markers denote the better execution

time between DTA and the simple tuner. The latter reflects the best
possible performance when combining the recommendations of
both DTA and the simple rule-based tuner. The dashed line indicates
equal performance on both axes.

• TPC-H: There are four queries where the best among the five
LLM responses substantially outperforms DTA, as indicated by
the four blue squares far above the diagonal line. In all of these
cases, the simple rule-based tuner (with both 𝛼 = 0 and 0.01)
identifies recommendations that are comparable to those of the
LLM, with all red triangles lying close to the diagonal.

• Real-D: With 𝛼 = 0, the simple rule-based tuner effectively
reduces the number of queries for which DTA performs substan-
tially worse than LLM. In particular, two queries that originally
timed out (i.e., exceeding the five-minute limit) or nearly timed
out after tuning by both LLM and DTA can now be completed
in about ten seconds, as indicated by the two rightmost pairs of
markers. In contrast, skipping indexes on low-cost tables (with
𝛼 = 0.01) does not improve these cases, indicating that even
small tables can matter from an indexing perspective. Aside from
these two queries, the simple tuner yields similar improvements
across different threshold values. However, there are still queries
where the LLM finds significantly better configurations even
after incorporating the rule-based tuner, as reflected by triangles
above the diagonal line.

• Real-M: The rule-based tuner substantially narrows the gap
between DTA and LLM for queries with the largest performance
differences (note that the execution time is shown with a log-
arithmic scale). However, it does not produce comparable rec-
ommendations in all cases. The performance of the rule-based
tuner is also insensitive to the choice of threshold 𝛼 .

• Real-R: The observation is similar to that with Real-M, as the
rule-based tuner (with both 𝛼 = 0 and 0.01) can improve DTA
and narrow its gap with LLM. Nevertheless, not all queries can
be improved to match the performance of LLM.

• Real-S: There is only one query for which LLM substantially
outperforms DTA. Unfortunately, the rule-based tuner cannot
identify recommendations that improve DTA for this case.
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Figure 9: LLM-driven index tuning (five invocations shown as bars) vs. DTA (red line) for tuning multi-query workloads.

Key Finding 6. In cases where DTA underperforms LLM, the simple
rule-based index tuner produces better recommendations than DTA
in approximately 60% of our test queries, and achieves performance
comparable to or better than LLM in about 40% of all test cases.

This observation is encouraging, as it suggests that, by distilling
insights from LLM, we can achieve substantial improvements in
many cases by only validating two sets of recommendations: those
from DTA and those from the simple rule-based index tuner.

Remarks. The simple tuner serves as a proof of concept demon-
strating that effective heuristics can be distilled from LLM without
inheriting the risks of high variance in index recommendation qual-
ity. We observe that this simple rule-based tuner is effective on its
own, particularly in cases where DTA’s recommendations under-
perform. A more comprehensive evaluation of the rule-based tuner
is included in the full version of this paper [67].

5 MULTI-QUERYWORKLOADS
We extend our study to multi-query workloads, a more common
setting in industrial practice. Unlike tuning a single query, tuning
a multi-query workload calls for the index tuner to disregard in-
dexes that are promising locally (for some queries) but unfavorable
globally (for the entire workload). Practical constraints, such as
the number of indexes or storage space limits, further restrict the
ability to materialize all beneficial indexes.

5.1 Overview of Evaluation Results
We construct multi-query workloads as follows. For TPC-H, Real-
R, and Real-S, we include all queries in a single workload. For
Real-D and Real-M, whose queries are more complex and exceed
GPT-5’s context window when considered jointly, we select the 10
queries with the largest observed improvements under single-query
tuning by GPT-5 (as presented in Section 3).

Figure 9 presents the results for five invocations on all multi-
query workloads, with the blue dashed line denoting the workload
execution time with the original index configuration. The solid
red line represents the workload execution time with the indexes
recommended by DTA. The average response time of GPT-5 is 4.4,
3.8, 2.3, 2.4, and 3.4 minutes for TPC-H, Real-M, Real-D, Real-R,
and Real-S, respectively. We vary the constraint 𝐾 on the number

of indexes allowed as 𝐾 ∈ {5, 10, 20}. We do not observe violation
of these constraints from the responses of LLM in our evaluation.

• TPC-H: The performance of LLM is similar to that of DTA,
regardless of the maximum number of indexes allowed 𝐾 .

• Real-D: With𝐾 = 5 or𝐾 = 10, LLM-recommended indexes yield
lower execution time than DTA-recommended indexes. However,
when 𝐾 = 20, we observe significant performance degradation
in most LLM invocations, a trend also observed for DTA. This is
surprising because increasing the number of indexes should in
general reduce workload execution time. Moreover, we observe
a large performance variation with configurations recommended
by different LLM invocations.

• Real-M: For all constraints 𝐾 ∈ {5, 10, 20} tested, LLM-driven
index tuning leads to significantly longer workload execution
times compared to DTA.

• Real-R: LLM-driven index tuning exhibits substantial perfor-
mance variation. Although the best responses outperform DTA,
the worst responses lead to much longer execution times. With
𝐾 = 5 or 𝐾 = 20, the worst LLM outcomes achieve almost no
improvement over the original configuration.

• Real-S: Of all the workloads evaluated, LLM performs the worst
for Real-S. Most LLM responses yield little improvement over
the original index configuration, with only a few exceptions. In
contrast, DTA achieves substantially better performance.

Key Finding 7. Overall, DTA provides more stable and reliable
improvements for multi-query workloads while LLM’s performance
varies considerably across workloads and invocations. Nevertheless,
there are cases in which LLM can significantly outperform DTA.

This observation is based onworkloads constructed using the top
10 queries with the largest single-query improvements using LLM
for Real-D and Real-M. Therefore, including other less beneficial
queries will further reduce the relative effectiveness of LLM. We
next present two case studies to examine the factors behind LLM’s
successes and failures on multi-query workloads.

5.2 Case Study: What Went Right for Real-D?
We first take a closer look at Real-D with 𝐾 = 10. In this setting,
GPT-5 delivers exceptionally strong performance, where all five
invocations substantially outperform DTA, with the best achieving
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Figure 10: Analysis of Real-D 𝐾 = 10.
4× further speedup. For the remainder of our analysis, we use this
best-performing trial as a representative result for LLM.

Is the Comparison Fair? Because we constrain the LLM by the
number of indexes rather than by storage space, a natural question
is whether its performance gains arise from generating dispropor-
tionately large indexes. To examine this, we measured the storage
footprint of the index recommendations produced by both systems.
We found that DTA’s indexes occupy 13.7 GB of storage, while
LLM’s indexes occupy only 7.7 GB. This shows that LLM does not
achieve its performance by inflating the storage, indicating that its
recommendation is indeed superior in this case.

Per-query Improvement. Beyond total execution time, we also
evaluated the benefit of the index recommendations at the per-
query level. Figure 10(a) reports the execution time of each query
before and after tuning by both DTA and LLM. We observe that
nine out of the ten queries exhibit substantial speedups under both
methods. Among these nine queries, LLM outperforms DTA for
four queries, while DTA performs better for the remaining five
queries. This indicates that both approaches optimize the workload
effectively, with each favoring different subsets of queries.

Cross-query Recommendation. To better understand GPT-5’s be-
havior in this case, we examine its underlying reasoning process.
Rather than selecting the most promising indexes for each query
in isolation, GPT-5 appears to prioritize indexes that can benefit
multiple queries. The following excerpt illustrates this behavior
(all table and column names are anonymized). We observe similar
reasoning patterns across all multi-query workloads.

... Indexing Tab1 on (Col2, Col3, Col4, Col1) including Col5 could benefit
multiple queries, especially𝑄1,𝑄4 and𝑄5 ... I need to limit the proposals to
10 indexes, considering one that aids both queries on Tab2 ...

To assess the effectiveness of this intention, we analyze the
contribution of each index in LLM’s recommendation. Specifically,
for every index, we count how many queries actually use it. We
find that the top three most frequently used indexes appear in 9, 7,
and 5 of the 10 queries, respectively. For comparison, the top three
indexes recommended by DTA are used by 5, 4, and 3 queries.

Improve DTA with LLM. Furthermore, we find that none of the
three most beneficial LLM-recommended indexes is generated as
candidates by DTA. This observation raises an interesting ques-
tion: can LLM-recommended indexes enrich the candidate pool
of DTA and thus improve its tuning performance? To investigate
this, we modify DTA’s candidate index generation process to incor-
porate LLM’s recommendations. Figure 10(b) presents the results,
where “DTA+LLM SQ” and “DTA+LLM MQ” are two variants that
incorporate LLM’s recommendations for each individual query
(as in Section 3) and for the entire workload, respectively. The re-
sult shows that LLM’s multi-query workload recommendations
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Figure 11: Analysis of Real-M 𝐾 = 10.
improve DTA’s performance by more than 2×. However, including
only LLM’s single-query recommendations fails to improve perfor-
mance and, in fact, significantly slows down overall execution time.
This degradation again results from inaccurate cost estimates.
Key Finding 8. Given a multi-query workload, LLM tends to recom-
mend indexes that can benefit multiple queries, which may produce
high-quality candidate indexes that DTA misses.

This finding points to an opportunity to improve DTA by expand-
ing its candidate pool with LLM-recommended indexes. However,
as we show in Section 6.1, directly incorporating such recommen-
dations often leads to performance degradation. Nevertheless, this
highlights the potential for integrating LLM’s insights into DTA if
cost estimation can be further improved, an area that continues to
receive active research attention.

5.3 Case Study: What Went Wrong for Real-M?
Next, we study the case of Real-M with 𝐾 = 10. As shown in
Figure 9(c), all five LLM invocations consistently fail to achieve
improvements comparable to those of DTA.

Recommendation Analysis. Unlike Real-D where all queries
(without tuning) have relatively similar execution time (Fig-
ure 10(a)), Real-M is dominated by two queries (i.e., queries 19
and 22), together accounting for roughly 85% of the total execution
time (60% and 25%, respectively). Consequently, effective workload
optimization hinges on whether LLM can identify these bottle-
neck queries and recommend indexes to improve them. The five
invocations of GPT-5 clearly fail in this regard. Among the five
responses, only one proposes indexes that can be used by query 19,
and only two have impact on query 22. Moreover, these responses
fail to target the real bottlenecks. In contrast, nearly 90% of DTA’s
improvement for the entire workload comes from these two queries.

We further compare the quality of LLM’s multi-query recom-
mendations with those produced when each query is provided in
isolation (as in Section 3). Specifically, we collect all the indexes
recommended by LLM from five multi-query responses and, sepa-
rately, five single-query responses, forming two pools of candidates.
To obtain a final recommendation within the constraint, for each
pool of candidates, we use DTA’s configuration enumeration algo-
rithm (excluding DTA’s own candidate indexes) to select the best
10 indexes. Figure 11(a) reports the results, where configurations
derived from the multi-query and single-query settings are denoted
as “LLM MQ” and “LLM SQ,” respectively. We can see that while
LLMMQ barely improves workload performance, LLM SQ achieves
more than 80% improvement, reaching a level comparable to DTA.

Explaining LLM’s Poor Performance. The above observation sug-
gests that instead of focusing on the most costly queries, the LLM
attempts to identify patterns that improve the workload as a whole
and, as a result, overlooks the actual bottlenecks.



Table 3: Performance impact on DTA from including LLM-
recommended indexes as additional candidates.

Single-query (# queries) Multi-query
Workload Improved Unchanged Degraded Improvement
TPC-H 6 12 4 15.37%
Real-D 10 8 11 54.64%
Real-M 8 18 14 1.29%
Real-R 6 9 9 -87.33%
Real-S 0 6 6 -71.06%

To examine this hypothesis, we vary the workload size and mea-
sure its impact on the most costly query (i.e., query 19). Starting
from a single-query workload containing only query 19, we incre-
mentally add additional queries to create workloads of sizes {2, 4,
6, 8, 10}. For each workload, we collect 50 LLM responses to an-
alyze the distribution of their impacts on query 19. Figure 11(b)
summarizes the results, with whiskers indicating the 5th and 95th
percentiles. For reference, the figure also includes the execution
time of query 19 without tuning and with DTA tuning, denoted by
the blue and red dashed lines, respectively.

When the workload contains only query 19, roughly 50% of LLM
invocations achieve performance comparable to or better than DTA.
This fraction drops sharply by adding only one more query, and
falls below 5% once the workload includes four queries. The median
improvement of query 19 increases monotonically as more queries
are added, stabilizing at a workload size of six. This result indicates
that LLM quality degrades when more queries are included, despite
the fact that the estimated costs in the prompt encode the relative
importance of each query. In contrast, under the cost-based tuning
framework, DTA’s improvement for query 19 remains stable and
even improves slightly as the workload grows, perhaps due to
additional statistics created while tuning other queries.
Key Finding 9. When information of multiple queries are provided
in a plain, concatenated form without additional selection or process-
ing, LLM places less emphasis on the most costly queries leading to
suboptimal index recommendations.

Note that the above behavior is not unique to index tuning or
to the GPT-5 model. Previous work reports similar tendencies in
various LLMs when exposed to irrelevant contexts [57], or long con-
texts that are relevant but overly extensive [22], across a range of
NLP tasks. Our result shows that such degradation in LLM quality
with a larger number of queries can become a serious issue when
the underlying workload is complex and unbalanced. Existing work
on workload compression [7, 58] and cost-based prompt construc-
tion [25, 84] potentially offers alternatives for mitigating this issue
(see Sections 7 and 8).

6 LESSONS FROM LLM-DTA INTEGRATION
We show that it is nontrivial to integrate LLM with DTA, with
two attempts. For simplicity, we focus on directly integrating LLM-
recommended indexes (Sections 3 and 5) with DTA. Integrating
LLM-derived insights (Section 4) leads to similar challenges.

6.1 Cost-based Integration
One plausible way to leverage LLM’s capability is to integrate its
recommendations into the existing cost-based framework of DTA.
An implementation of this approach has been demonstrated in Sec-
tion 5.2 with theReal-Dworkload, using LLM to only enrich DTA’s
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Figure 12: Time breakdown for performance validation.
pool of candidate indexes while keeping the other components of
DTA unaffected. This integration preserves DTA’s contract to select
the configuration with the lowest estimated cost, while expanding
its search space with LLM-recommended indexes.

Table 3 summarizes the evaluation results of this implementation
for all workloads, comparing the final configurations found by DTA
with and without the LLM-recommended indexes. For single-query
workloads, we report the number of queries whose execution time
improves by at least 5% (“Improved”), remains within ±5% (“Un-
changed”), or degrades by at least 5% (“Degraded”). For multi-query
workloads, we report the overall performance change measured by
the total execution time. We have the following finding.
Key Finding 10. Enriching DTA’s pool of candidates with
LLM-recommended indexes does not consistently improve perfor-
mance, and often leads to performance degradation.

This frequent performance degradation can again be attributed
to inaccurate cost estimates. Despite decades of progress made,
cost estimation remains a challenging problem with active research.
Advances in this direction may help mitigate the issue if adopted
in production. Here, we emphasize the practical impact of cost
estimation errors (stemming from inaccurate cardinality estimates)
in the context of integrating LLM with DTA. As a production-grade
tuner, DTA serves as a substantially strong starting point and is
therefore more sensitive to inaccuracies in cost estimation.

6.2 Validation-based Integration
Another approach is to incorporate performance validation. One
can materialize the recommended configurations (from both DTA
and multiple LLM invocations), execute the corresponding queries,
and select the configuration with the best execution time.

Figure 12 shows the end-to-end time breakdown of this approach
across all multi-query workloads. Specifically, “DTA Tune” and
“LLM Tune” report the tuning time of DTA and the total time of the
five GPT-5 invocations, respectively. “Index Creation” and “Query
Execution” represent the combined index-building and workload-
execution time for the configurations recommended by DTA and
by the five LLM runs. Different configurations may contain overlap-
ping indexes, and we build each distinct index only once. We first
evaluate the recommendation by DTA, followed by the five LLM-
generated configurations, using the minimum observed execution
time as the timeout for subsequent validations.
Key Finding 11. The cost of performance validation of recommended
configurations is often significantly higher than the cost of index
tuning itself, largely due to the overhead of index creation.

Previous work has identified similar challenges and proposed
mitigation techniques that focus primarily on reducing query ex-
ecution cost [25, 42] or improving data efficiency [73]. Here, we
highlight the overhead of index creation, which can become a more



substantial bottleneck and is easily amplified by the diverse recom-
mendations that LLM could produce.

7 FUTURE OPPORTUNITIES
Enhancing LLM-driven Index Tuning. In this paper, we evaluate

pre-trained LLM for index tuning in an end-to-end setting, using
only basic database and workload information. Beyond this setup,
there are several opportunities to further leverage LLM for index
tuning. For example, prompts can be enriched with additional infor-
mation, such as DTA recommended indexes for the same query or
similar queries, which can serve as reference demonstrations [84].
In addition, LLM can be adapted to the index tuning task through
task-specific fine-tuning [28, 52, 55, 56]. Moreover, the tuning pro-
cess can be decomposed into multiple tasks and handled by a multi-
agent framework [32, 38, 40], where existing index tuners such as
DTA can be integrated as an external tool to provide additional
guidance and/or feedback at different stages. Understanding how
these enhancements impact real-world workloads, particularly in
addressing the limitations of LLM observed in our study, such as
large performance variance and the tendency toward distraction,
remains an interesting direction for future work.

Distilling Insights from LLM. As demonstrated in Section 4,
heuristics used by LLM could be distilled and exploited to narrow
the gap between existing index tuners and the best of LLM.Whether
additional insights can be extracted and appliedmore systematically
remains an open question. Beyond integrating these insights into
existing index tuners, an alternative is to distill the knowledge into
smaller, task-specific models [27, 47, 80]. Such models may provide
a more efficient and predictable option for production deployment
while retaining much of the effectiveness of LLM.

Making Performance Validation a First-class Citizen in Index Tun-
ing. A key roadblock in using LLM-recommended indexes with
today’s cost-based index tuners is the inaccuracy of cost estimation.
As a result, incorporating performance validation as a first-class
citizen appears increasingly important to production index tuners.
Some recent industrial systems [10, 16, 78] have incorporated vali-
dation mechanisms, but typically only to verify the final configu-
ration selected by the tuner. This restriction is largely due to the
substantial cost of validation. As shown in Section 6.2, incorpo-
rating LLM-driven index tuning further amplifies this challenge,
as LLM can easily generate a large and diverse set of candidate
recommendations, significantly increasing the need for validation.
Therefore, an important direction for future work is to develop low-
overhead while less disruptive [53] validation techniques. A further
step is to integrate this validation component more tightly into the
index tuning process, allowing validation outcomes to complement
existing cost estimates and directly influence tuning decisions.

8 RELATEDWORK
LLM-driven Index Tuning. A flurry of recent work has been pro-

posed to unlock the power of LLMs to improve the performance of
database systems [25, 36, 63]. Most of this line of work is devoted
to tuning configuration parameters (a.k.a. knobs) of database sys-
tems, which itself is a fast-growing research area with intensive
studies [4, 5, 9, 23, 34, 39, 65, 83]. To the best of our knowledge, so
far there has been little work on using LLM for index tuning yet,

except for a couple of very recent proposals, such as 𝜆-Tune [25],
LLMIdxAdvis [84], and MAAdvisor [40]. Both 𝜆-Tune and LLMIdx-
Advis follow the end-to-end workflow evaluated in our study, while
MAAdvisor proposes a different multi-agent framework with a
much more complicated workflow. Unlike the classic cost-based
index tuning that has been well studied and evaluated in real-world
industrial deployments [10, 16, 78], LLM-driven index tuning re-
mains an underexplored area, especially with an industrial setup.

Workload Compression. As we demonstrated in Section 5, LLM-
driven index tuning does not have an advantage over DTA when
tuning multi-query workloads and workload size does have an
impact on the performance of LLM. Therefore, workload compres-
sion [7, 11, 18, 60] will continue to be an interesting and critical
direction for future work to improve the efficacy of LLM for tuning
multi-query workloads, which has also explored by 𝜆-Tune [25].
Recent work on foundation database models [70] proposes learn-
ing compact representations of datasets and workloads in a latent
space that generalize across tasks, which could also be used to guide
workload compression for LLM-based index tuners.

Robustness of LLMs. In addition to database performance tuning
(including index tuning), LLMs have also been applied to other
aspects of improving database performance, such as performance
diagnosis [24, 86] and query optimization [6, 61]. One common
issue found by this line of work is the robustness of LLM invo-
cations, which often respond with incorrect or irrelevant results
due to problems such as hallucination. We have also highlighted
such robustness issues for LLM-driven index tuning in Section 3.4,
which calls for future research effort. One solution to improve ro-
bustness, as was proposed by 𝜆-Tune, is to include a postprocessing
validation stage that creates the recommended indexes by LLM
and executes the workload queries to identify the best indexes. Al-
though this solution is guaranteed to find the best indexes among
the recommended candidates, it incurs considerable overhead that
is perhaps infeasible in practical industrial applications, as shown
in Section 6.1. Therefore, the development of less costly validation
technologies is another area of interest for future work.

9 CONCLUSION
We empirically evaluated the effectiveness of LLM-driven index tun-
ing on real-world and industry benchmark workloads on Microsoft
SQL Server, and compared it with a commercial index tuner, Data-
base Tuning Advisor (DTA). Our results reveal that LLMs demon-
strate the potential to provide high-quality index recommendations,
particularly in cases where DTA’s recommendations are not effec-
tive due to errors in the query optimizer’s cost estimation. However,
LLMs exhibit substantial variance in the quality of index recom-
mendations, both across invocations for the same query and across
queries. Furthermore, incorporating LLM-recommended indexes as
additional candidates in DTA’s search space yielded no significant
improvements in quality. Thus, despite their promise, the use of
LLMs for index tuning in practice remains an open and challeng-
ing problem. Based on our findings, we identify potential areas
of future work that aim to make LLM-driven index tuning more
practical, such as techniques that can reduce the variance of LLMs
without significantly reducing its quality, as well as more efficient
mechanisms for validating index recommendations.
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Table 4: Overlap between LLM (five invocations) and rule-
based index recommendations.

𝛼 = 0 𝛼 = 0.01
Workload # LLM # Total #(%) Matched # Total #(%) Matched
TPC-H 200 72 36 (50%) 47 32 (68%)
Real-D 937 374 106 (28%) 104 47 (45%)
Real-M 507 640 100 (16%) 156 81 (52%)
Real-R 365 100 57 (57%) 32 21 (66%)
Real-S 93 116 17 (15%) 13 8 (62%)

A MORE EVALUATION RESULTS
A.1 More Results of LLM
In addition to the best and worst results among the five LLM in-
vocations, we also consider the first and median results, denoted
by + and × in Figure 13, respectively. Both settings simulate the
scenario where a single LLM response is directly adopted without
additional performance validation.

• TPC-H: Unlike the worst response, where LLM fails to outper-
form DTA for any query, the first and median responses still iden-
tify better recommendations for some queries, such as queries
5 and 17. However, they both exhibit substantially worse per-
formance than the best response for several other queries (e.g.,
queries 9, 12, 15, and 20).

• Real-D: For queries with large performance variance in five LLM
invocations (i.e., where the best response significantly outper-
forms DTA while the worst significantly underperforms it), the
first and median responses generally fail to outperform or only
marginally match DTA (e.g., queries 13, 15, 17, 18, and 31).

• Real-M: Similar to Real-D, the first and median responses often
fail to outperform DTA and do not capture the gains observed in
the best-case results, particularly for queries with high variance
across different LLM invocations (e.g., queries 1, 2, 5, 7, 12, and
34). Nevertheless, they still identify better recommendations
than DTA for a few queries, such as query 19 (first response) and
query 27 (both first and median responses).

• Real-R: We observe that the two significant QPRs caused by the
worst LLM responses (i.e., queries 15 and 26) no longer result in
timeouts with the first and median responses. They also achieve
performance comparable to, or even better than, DTA for some
high-variance queries (e.g., queries 8 and 26). However, they
perform significantly worse than DTA for a few queries where
the best LLM response previously matched or outperformed DTA
(e.g., queries 7 and 11).
• Real-S: The first and median LLM responses match the best

response in most cases, except for query 1, where they perform
significantly worse than DTA and result in a QPR.
In summary, the above results indicate that directly adopting

a single LLM response without further validation often leads to
suboptimal performance and generally underperforms DTA. Al-
though the first and median responses still markedly outperform
DTA (i.e., more than 5% better) for 26% and 29% of the queries,
respectively, more than half of the 127 queries exhibit noticeable
degradation (i.e., more than 5% worse) in both settings. In contrast,
the best response achieves such degradation for only about 30% of
the queries. This contrast highlights the importance of validating
LLM-generated recommendations before adoption.

A.2 More Results of Rule-based Tuner
A.2.1 End-to-end Evaluation. In this section, we present the com-
plete evaluation of the rule-based tuner introduced in Section 4.2,
comparing it with DTA and LLM (best result in five invocations).
Figure 14 summarizes the results, where the gray and hatched gray
bars correspond to the simple rule-based tuner with 𝛼 = 0 and
𝛼 = 0.01, respectively.

• TPC-H: With 𝛼 = 0, the simple rule-based tuner achieves perfor-
mance comparable to, and in some cases better than, DTA, with
only a few exceptions (e.g., queries 8, 12, 15, 19, and 21). It also
underperforms LLM for only five queries (e.g., queries 8, 10, 12,
17, and 19). Notably, it outperforms both DTA and LLM for query
20 by approximately 5×. When 𝛼 increases to 0.01, performance
degrades on several queries, including queries 4, 8, 14, and 22. In
particular, for query 4, the tuner fails to match the performance
of DTA and LLM, becoming about 6× slower. On the other hand,
performance on query 20 further improves, achieving around
30× speedup over both DTA and LLM.

• Real-D: There are four queries (i.e., queries 3, 14, 22, and 32)
where neither DTA nor LLM identifies effective recommenda-
tions to improve performance, whereas the rule-based tuner
(𝛼 = 0) discovers configurations that yield improvements by up
to 33×. Meanwhile, it significantly underperforms both DTA and
the LLM for some queries (e.g., queries 7, 13 and 25). Furthermore,
with 𝛼 = 0.01, the rule-based tuner times out for four queries
(i.e., queries 13, 14, 31, and 32).
• Real-M: Unlike on Real-D, the rule-based tuner does not yield

substantial improvements over DTA and LLM. In fact, it under-
performs both baselines for a few queries (e.g., queries 16, 22, 25,
and 37), while achieving comparable performance in most other
cases. The performance of the rule-based tuner is not sensitive
to the choice of threshold 𝛼 in this workload.

• Real-R: The observation is similar to that for Real-M: the rule-
based tuner with 𝛼 = 0 achieves performance comparable to
both DTA and LLM for more than half of the queries. However,
it underperforms both baselines for several queries (e.g., queries
2, 4, 8, 12, 18, 19, and 26). Increasing 𝛼 to 0.01 further degrades
performance for three queries (i.e., queries 5, 6, and 7).

• Real-S: The simple rule-based tuner (with both 𝛼 = 0 and 0.01)
significantly outperforms both DTA and LLM for query 12. It
matches DTA for the rest of the queries and clearly outperforms
LLM for queries 2 and 8.
Overall, despite its simplicity, the rule-based tuner (with 𝛼 =

0) is surprisingly effective as a standalone approach for single-
query workloads. It achieves performance comparable to both DTA
and LLM (best of five invocations) in most cases and occasionally
identifies configurations that outperform both baselines by up to
more than 30×. However, it is not sufficient to replace either DTA or
LLM, as it underperforms both on a substantial fraction of queries
(i.e., 37% and 41% for DTA and LLM, respectively). Specifically,
across all the 127 queries, it outperforms, underperforms and falls
within the range of the two baselines (within ±5%) for 16%, 23% and
61% of queries, respectively. With 𝛼 = 0.01, performance remains
similar for most queries, but degrades substantially for some, in a
few cases leading to timeouts.
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Figure 13: LLM-driven index tuning vs. DTA for tuning single-query workloads.
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Figure 14: End-to-end evaluation of simple rule-based index tuner for tuning single-query workloads.

A.2.2 Recommendation Cross-check. We further conduct a cross-
check between indexes recommended by the rule-based tuner and
those recommended by the LLM. The results for each workload are
summarized in Table 4. Specifically, “# LLM” and “# Total” denote
the number of distinct indexes recommended by GPT-5 (across all
five invocations) and by the simple rule-based tuner, respectively.
“# Matched” indicates the number of indexes generated by the rule-
based tuner that match those recommended by the LLM. An index
from the rule-based tuner is considered a match if its key prefix
exactly matches that of an LLM-recommended index and it covers
all columns included in the LLM index (i.e., both key columns and

included columns). This definition ensures that a matched index
from the rule-based tuner can provide at least the same functionality
as the corresponding LLM-recommended index. We also report the
percentage of matched indexes among those generated by the rule-
based tuner in parentheses.

We observe that the percentage of matched indexes increases
significantly as 𝛼 becomes larger. This trend suggests that GPT-5
indeed tends to recommend fewer indexes for smaller tables, which
are filtered out by the rule-based tuner as 𝛼 increases. For the re-
maining larger tables (with 𝛼 = 0.01), more than half of the indexes
generated by the rule-based tuner are also recommended by the



LLM for most workloads, indicating substantial overlap in recom-
mendations. At the same time, a noticeable gap remains between
the total number of distinct indexes recommended by the LLM and

the matched indexes, suggesting that many LLM-recommended
indexes are not yet captured by the current set of rules and could
potentially be further distilled into additional patterns.
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