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ABSTRACT

Traditional query processing engines require continuous develop-

ment and extensions to support new techniques and user require-

ments, and in some cases, entirely new systems must be built from

scratch. However, these engines are difficult to extend due to their

internal complexity, and building new systems demands significant

engineering effort and cost. To address this, we demonstrate GenDB,

a generative query engine that shifts query processing from manu-

ally engineered systems to query processing code generation driven

by Large Language Models (LLMs). An early prototype of GenDB

uses LLM agents to generate instance-optimized query execution

code tailored to specific data, workloads, and hardware resources.

This prototype suits offline code generation for repetitive, templated

queries, since the upfront generation cost amortizes over many ex-

ecutions and correctness can be ensured through extensive fuzz

testing andmanual inspection. For ad-hoc queries, GenDB can work

with a traditional DBMS in a hybrid architecture: the DBMS handles

one-off queries, while GenDB speeds up frequent SQL templates.

We also discuss the current limitations of GenDB, such as high

generation cost and the lack of correctness guarantees, to inform

future extensions. Our demonstration allows users to (1) visually

and interactively explore how GenDB analyzes workloads, profiles

hardware resources and underlying data, produces query plans,

generates code based on them, and finally uses an optimizer to iter-

atively achieve a correct and efficient implementation; (2) use visual

inspection and analysis to gain qualitative insights into why GenDB

produces code that achieves significantly better performance than

state-of-the-art query engines on two benchmarks: TPC-H and a

newly constructed benchmark designed to reduce potential data

leakage from LLM training data; and (3) upload their own data and

queries to explore GenDB with different LLMs and query patterns.

A live demo is available at https://solidlao.github.io/GenDB/demo/.
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1 INTRODUCTION

Supporting new techniques and user requirements demands contin-

uous development of existing query processing engines, or in some

cases, building entirely new systems. However, the field evolves

rapidly, and this paradigm often fails to keep pace: extending exist-

ing engines is difficult due to their internal complexity, and building

new systems requires substantial engineering effort and cost. For

rapidly emerging techniques, should we continue extending exist-

ing systems, or design new ones? Or is there another option?

To address this, we demonstrate an early prototype of GenDB

that uses LLM agents to generate instance-optimized and cus-

tomized query processing code tailored to specific data, workloads,

and hardware. This prototype suits offline code generation for repet-

itive, templated queries common in industrial workloads [10], since

the upfront generation cost amortizes over many executions. It

uses runtime feedback to iteratively refine the generated code until

it outperforms existing query engines or exhausts its budget, and

uses fuzz testing to verify that the code returns consistent results

across different SQL template predicates and testing databases.

This demonstration lets visitors experience GenDB in action. Vis-

itors will be able to visually and interactively explore how GenDB

uses a multi-agent workflow to analyze workloads, profile hardware

and underlying data, produce query plans, generate code based on

them, and finally use an optimizer to iteratively refine the code.

The behavior of each agent is not a black box; each agent’s observa-

tions, reasoning, and decisions are visualized and can be explored

interactively in detail. Such visual inspection and analysis, from

high-level optimization strategies to low-level implementation de-

tails, also help visitors gain qualitative insights into why GenDB

produces code that outperforms state-of-the-art query engines. In

addition to the two pre-configured benchmarks, visitors also have

the flexibility to upload their own data and queries for experiments.

2 SYSTEM OVERVIEW

Figure 1 shows an overview of GenDB. It takes as input the schema,

SQL queries, database, and available resources. GenDB generates

instance-optimized and customized database storage structures,

indexes, and one executable file per SQL template. The current pro-

totype targets offline code generation for repetitive and templated

queries that are common in industrial workloads [10], since the

upfront generation cost amortizes over many executions.

GenDB is an LLM-powered agentic system that decomposes the

complex end-to-end query processing and optimization task into

a sequence of smaller and well-defined steps, where each step is

handled by a dedicated LLM agent. First, the Workload Analyzer

analyzes the hardware resources, schema, SQL queries, and un-

derlying data to generate structured workload characteristics (e.g.,

storage type and SIMD support, table and column statistics, join
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Figure 1: System Overview of GenDB

patterns, and filter selectivity). Second, the Storage/Index Designer

designs and implements the code that transforms the original data

formats into optimized storage structures (e.g., using columnar

storage with encoding and compression for OLAP workloads) and

builds the corresponding indexes. Third, the Query Planner gen-

erates an efficient execution plan based on the workload analysis

and the storage designs. Each physical operator implementation is

resource-aware. For example, the aggregation operator adapts its

strategy to the hardware cache hierarchy: for a GROUP BY over a

low-cardinality column like nation (25 distinct keys), it uses a direct

flat array that fits entirely in L1 cache with zero hashing overhead,

whereas for millions of distinct groups it switches to thread-local

hash tables sized to fit each core’s private cache, merging results in

parallel only after the scan completes. Fourth, the Code Generator

implements the execution plan using appropriate programming

languages (e.g., C++ for high performance) and applies system-

level optimizations (e.g., compiler optimizations). The generated

code is executed on the database to measure both correctness and

efficiency. GenDB validates code correctness by comparing the gen-

erated query results with those produced by a traditional database

system (available because current prototype targets offline code

generation for repetitive and templated queries). Fuzz testing can be

used to verify that the code returns consistent results across differ-

ent SQL template predicates and testing databases. Fifth, the Query

Optimizer uses the feedback to iteratively refine both the execution

plan and the code implementation to improve performance. After

exhausting the user-configured optimization budgets or reaching

the user-specified targets, GenDB outputs the instance-optimized

storage layouts and one executable file per SQL template.

Each agent in GenDB uses an LLM as its core reasoning com-

ponent to plan and automatically invoke tools to complete the

assigned tasks. Each agent is equipped with built-in tools, including

file operations such as reading, writing, and editing files; terminal

access for executing commands and scripts; and web-related tools

such as web search and web content retrieval. This tool-use capabil-

ity allows agents to complete complex tasks. For example, if a query

contains multi-table joins, an agent can generate a sampling pro-

gram to evaluate candidate join orders, measure their performance,

and refine the code to use the empirically best join order.

3 EXTRACT OF EXPERIMENTAL EVALUATION

Due to space limitations, we present a small extract of our experi-

mental evaluation, with more details available in [5].

Settings. GenDB is implemented in JavaScript and employs Claude

Agent to build the agentic workflow. All experiments are conducted

on an Ubuntu server with two Intel Xeon Gold 5218 CPUs and

384 GB of RAM. We ensure that the entire database is cached in

memory to report the execution time of hot runs, following the

same setting as in [6]. We compare GenDB with state-of-the-art

engines: DuckDB, ClickHouse, Umbra, MonetDB, and PostgreSQL,

and ensure that all systems use comparable hardware resources (e.g.,

fully parallelized execution). For fairness, we report each competing

engine’s best performance across two configurations: (1) using only

its automatically created indexes (e.g., the zonemaps OLAP engines

create by default), and (2) supplementing these system-created

indexeswith additional indexes recommended byGenDB.We use (1)

TPC-H with scale factor 10, and (2) a newly constructed benchmark,

SEC-EDGAR, to reduce potential data leakage, since TPC-H is well

studied and represented in LLM training data. SEC-EDGAR uses a

dataset that has rarely been used for database benchmarking, and

its queries are randomly generated using SQLSmith [1].

PerformanceComparison. Figure 2 shows the results, andGenDB

outperforms all baselines on both benchmarks. Note one reason

is GenDB’s optimization for offline code generation of repetitive,

templated queries, whereas other systems do not exploit this offline

advantage. On TPC-H, GenDB achieves a total execution time of

249 ms across five representative queries [2]. This is 2.4× faster than

DuckDB (596 ms), 2.7× faster than Umbra (660 ms), and 9.2× faster

than ClickHouse. On SEC-EDGAR, GenDB achieves 403 ms, which

is 3.8× faster than DuckDB and 3.3× faster than Umbra. GenDB

uses iterative optimization with early stopping criteria. On TPC-H,

Q9 and Q18 reach competitive execution times of 105 ms and 45 ms

respectively at iteration 0, requiring no further optimization. Q3

starts at 593 ms and decreases to 27 ms by iteration 3, a 22× improve-

ment. This gain comes from replacing a 1 GB max-orderkey-sized

array with a compact 56 MB structure, switching to demand-paged

I/O to eliminate unnecessary page faults, and parallelizing the di-

mension filter. Due to space limitations, full experimental results

Figure 2: Performance Comparison
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Figure 3: User Interface of GenDB. A live demo is available at https://solidlao.github.io/GenDB/demo/.

(e.g., all TPC-H queries) are available in our project repository at

https://github.com/SolidLao/GenDB. We will prepare visualized re-

sults for all queries to facilitate discussion during the demo session.

Cost Analysis. We used Claude Sonnet 4.6 as the underlying LLM

for GenDB. Synthesizing the engine cost $14 and 91 minutes for

TPC-H, and $23 and 140 minutes for SEC-EDGAR. The higher cost

and time for SEC-EDGAR are expected, since it is a new bench-

mark that LLMs must approach through trial and error. This also

demonstrates that GenDB generalizes to benchmarks that LLMs are

not familiar with, ultimately achieving good performance through

iterative refinement. Moreover, this cost is acceptable for offline

code generation, since the generated code template is executed

frequently and repeatedly. For example, in 50% of Amazon Red-

shift clusters, 80% of queries exactly repeat previously observed

queries, and long-running queries almost always recur across clus-

ters [10]. We plan to explore reducing generation cost by using

smaller models for simpler steps and generating reusable operators.

Correctness Analysis.GenDB validates correctness by comparing

execution output against ground-truth results from a traditional

DBMS (e.g., DuckDB), and the generated code passes the fuzz test-

ing, i.e., it returns consistent results across different SQL template

predicates and testing databases. However, execution consistency

does not guarantee true semantic equivalence: agreement across

a set of test parameters and databases does not imply agreement

across all possible databases. We plan to explore stronger correct-

ness guarantees, such as formal verification, in the future.

4 DEMONSTRATION PLAN

The demonstration setup includes a table with a laptop connected

to a portable projector and a poster. The laptop is pre-configured

to run GenDB to generate query processing code. While internet

access to OpenAI GPT or Anthropic Claude is preferred, it is not

required, as the demonstration includes cached results for conve-

nience. The demonstration is structured to last five minutes, with

additional details available upon request. Each visitor receives a

brief introduction to explain the system and its web interface. The

visitors can then proceed to use GenDB themselves.

Figure 3 shows the user interface, using TPC-H Q3 as an illustra-

tive example. Note GenDB is not limited to pre-computed results.

Users can write arbitrary SQL on any loaded benchmark and se-

lect different LLMs to generate optimized code in real time. Users

can also upload their own datasets (via CREATE TABLE statements

and CSV files) and queries; GenDB then generates storage layouts,

execution plans, and optimized code tailored to the uploaded data.

The top of the interface displays the multi-agent pipeline of GenDB
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as a clickable workflow bar; selecting any agent reveals its contri-

bution to the integrated two-column visualization below. 1 The

SQL Input step extracts parameterized SQL templates from queries

and generates code at the template level. Queries that share the

same template structure (e.g., different date ranges or filter predi-

cates) reuse the same generated code. 2 TheWorkload Analyzer

profiles the target data and hardware to identify bottlenecks and op-

timization opportunities. Each table block on the canvas shows the

cardinality, filter predicate, and selectivity bar—for example, the cus-

tomer segment filter retains only 20% of rows (1.5M→ 300K). Hard-

ware characteristics are mapped to execution strategies: 64 cores

support morsel-driven parallelism, HDD favors sequential I/O, the

44 MB L3 cache can hold the 187 KB customer bitmap entirely,

and AVX-512 is available for SIMD operations. Clicking this agent

in the workflow bar shows further analysis, such as identifying

the 60M-row lineitem table as the main bottleneck and noting

that c_mktsegment has only 5 distinct values, which is suitable

for bitmap filtering. 3 The Storage Designer transforms the raw

text files into a binary columnar layout with memory-mapped I/O.

Encoding and index badges appear on each table box with expla-

nations: c_mktsegment is dictionary-encoded into a single byte

(5 distinct values), date columns use epoch-based i32 for direct

integer comparison, and a grouped index on l_orderkey maps

each order key to a contiguous (start, count) range, avoiding

the 60M-row full scan with �푂 (1) lookup. 4 The Query Planner

generates the physical execution plan, shown as an operator tree in

the right column with edges connecting operators to their source ta-

bles. For Q3, the plan first builds a bitmap from the 300K qualifying

customers and applies it as a semi-join filter during the orders scan

(3.5M surviving rows). It then probes the lineitem grouped index

(7.5M rows), aggregates into 500K groups, and returns the top 10 by

revenue. 5 The Code Generator produces a C++ program (289

lines for Q3) that implements the plan. A syntax-highlighted code

preview is shown in the left column below the SQL, and line-range

badges on the operator nodes (e.g., L85–145 for the bitmap join)

link each plan operator to its corresponding code section, allowing

users to trace how logical operators map to the generated code. 6

The Optimizer iteratively profiles the generated code and rewrites

performance bottlenecks. Per-operator timing annotations on the

plan tree show the effect of each optimization (e.g., the index probe

improves from 13.6 to 7.5 ms through demand-paged I/O). Click-

ing this agent shows the full optimization journey (omitted in the

figure due to space constraints): for Q3, the initial code runs in

593 ms, with 91% of the time spent zero-initializing a 1 GB array

that stores only 3.5M entries. Over four iterations, the optimizer

removes this overhead using compact data structures, switches to

demand-paged mmap, and parallelizes the bitmap filter, reducing

the runtime to 27 ms—a 22× improvement. Users can browse and

compare the generated C++ code across iterations, with each ver-

sion annotated by the bottleneck identified, the fix applied, and the

resulting performance impact.

5 RELATED WORK

GenDB relates to prior work that uses compilation techniques

to generate customized code for efficient query processing [3, 4].

HIQUE [4] generates customized code by replacing every operator

in the execution plan with manually implemented C code templates.

LegoBase [3] uses a high-level programming language, Scala, to

implement query engines, and then employs a compiler to generate

optimized C code for each query. These works are motivated by

the observation that hand-written C/C++ code clearly outperforms

even very fast vectorized systems [7]. Hiring human experts to

write customized code for a large number of long-running queries

is costly and does not scale. These methods were proposed as early

attempts at automatic code generation. However, thesemethods pro-

vide limited customization because they rely on human-designed

code templates. The generation process itself is fixed and unaware

of data characteristics, workload patterns, or hardware properties.

GenDB also relates to work that uses LLMs for code genera-

tion [8, 9]. CodexDB [8] generates Python code for query process-

ing by transforming each operator in an execution plan into a

natural language description based on operator-specific text tem-

plates, and then invoking the GPT-3 Codex model to generate code.

GenesisDB [9] extends CodexDB by generating reusable imple-

mentations of general relational operators. These systems provide

customization options, such as selecting the data processing library

and enabling debugging features (e.g., printing intermediate results

during execution). However, they do not target systematic perfor-

mance optimization. Bespoke OLAP [11] is concurrent work on

query engine synthesis that focuses on exploiting workload char-

acteristics, but unlike GenDB, it does not fully leverage hardware

features (e.g., it supports only single-threaded code synthesis).
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