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ABSTRACT

Lakehouse systems unify the strengths of data lakes and data ware-
houses and are rapidly becoming a dominant architecture for an-
alytic data management. The lakehouse architecture decouples
system design into interoperable subsystems—execution engines
(e.g., Spark, Trino, Presto) and table formats (e.g., Delta Lake, Ice-
berg, Hudi)—giving users flexibility to mix and match. However,
jointly selecting and configuring these subsystems is hard: subsys-
tem choices and configurations interact in complex ways, and online
trial-and-error is costly (or infeasible when migration is required).
Although there is extensive work on database tuning, most methods
target a single subsystem and thus miss cross-dependencies; many
also rely on iterative online tuning that is prohibitively expensive.
In this work, we present LakeHelm, a zero-shot lakehouse advisor
that jointly recommends an engine—format pair and its configura-
tion without online feedback. LakeHelm uses a dual-gate Mixture-
of-Experts model: separate gates specialize in engine and format
choices, and experts learn configuration surrogates for each subsys-
tem combination. To enhance generalization, we augment training
data with generated SQL templates and synthesized workloads,
layered atop collected runs that explore the configuration space.
Evaluated across five standard benchmarks (TPC-DS, TPC-H, JOB,
SSB, SSB-Flat), LakeHelm delivers competitive execution times—
averaging 1.35X speedup over a fixed overall-best lakehouse config-
uration across a large number of workload variations. It achieves
this via zero-shot inference on unseen workloads in seconds, with-
out costly online experimentation.
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1 INTRODUCTION

With the rapid growth and increasing heterogeneity of data gener-
ated by web services, applications, and machine learning pipelines,
organizations increasingly adopt the lakehouse architecture as a
data processing solution that combines the flexibility and cost-
efficiency of data lakes with key data warehouse capabilities [5, 8].
Such an architecture decouples storage and compute, allowing users
to independently select different subsystems, including query en-
gines (Spark [4], Presto [32], Trino [37]) and open table formats
(e.g., Delta [10], Iceberg [2], Hudi [1]). This modularity alleviates
platform lock-in and avoids tight coupling to a monolithic system.
The growing ecosystem of stateless engines and open formats also
broadens options for new adopters and enables seamless upgrades
and component replacement for existing deployments.

However, while the lakehouse architecture’s modular nature pro-
vides flexibility, it also introduces complexity: organizations must
determine which combination of open table formats and query en-
gines is most suitable for their specific workloads and subsequently
configure these components’ knobs properly. This fundamental
challenge—selecting the efficient subsystems combination
with proper configuration for specific workloads—is critical
for achieving desired performance outcomes. Empirically eval-
uating every possible combination is prohibitively expensive, as it
requires reloading raw data to rebuild metadata structures for each
table format [8], followed by executing resource-intensive work-
loads across different engine configurations. Existing auto-tuning
work for lakehouses has primarily targeted a single subsystem (e.g.,
Spark tuning [23, 25, 42, 43, 49]), leaving cross-subsystem interac-
tions unaddressed. To our knowledge, no tool holistically tunes
engines and table formats to optimize end-to-end performance.
This paper presents such a tool and confronts two key challenges:

Challenge 1: Complex multi-subsystem interactions— Lake-
houses comprise interoperable subsystems, each exposing many
configuration knobs; choices in one subsystem strongly influence
desirable settings in others. Consequently, users face a compounded
problem: first selecting subsystems (e.g., a table format like Ice-
berg and an execution engine like Spark) that best suit the work-
load, then optimizing configurations within each while accounting
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Figure 1: LakeHelm: Zero-Shot Lakehouse Advisor

for cross-subsystem coupling. This yields a massive combinato-
rial search space. A large body of prior work examines database
tuning—especially ML-based methods that model and optimize
high-dimensional knob spaces [13, 19, 23, 39, 41, 43, 45, 47, 49].
However, these approaches predominantly target a single system
(e.g., Spark or PostgreSQL), and thus do not address the funda-
mental challenge of jointly selecting and tuning subsystems across
categories or modeling their cross-subsystem interactions.

Challenge 2: Generalization to unseen workloads—Most
tuning approaches rely on online adaptation: iteratively evaluating
candidate configurations and updating a model until convergence.
Even with knowledge transfer from prior workloads [46], they
typically require tens to hundreds of trials. This dependence is
ill-suited to end-to-end lakehouse tuning: changing subsystems
entails costly data rewrites and workload migrations, and even
configuration changes (e.g., file-size settings) can force expensive
reloads. These constraints motivate a zero-shot approach that rec-
ommends subsystem combinations and configurations for unseen
workloads without online iterations. The central obstacle is data
quantity and diversity: a zero-shot model needs broad, represen-
tative training data to generalize across workload patterns, yet
existing datasets (e.g., standard benchmarks) lack the breadth re-
quired for lakehouse deployments. While prior work, E2ETune [15],
also explores zero-shot tuning, it targets a single system rather than
the multi-subsystem lakehouse setting, where evaluation costs and
generalization challenges are dramatically amplified.

Therefore, we propose LakeHelm, a zero-shot lakehouse tuning
advisor that recommends promising subsystems and configurations
given a workload specification (i.e., data files and queries), as shown
in Figure 1. It addresses the above challenges through two key in-
novations. First, it uses a novel dual-gate Mixture-of-Experts
(MoE [16]) architecture that explicitly models cross-subsystem inter-
actions. Our insight is that different subsystem combinations exhibit
fundamentally different performance characteristics that require
specialized experts, while the subsystem selection itself depends
on workload patterns that can be learned by dedicated gating net-
works. Furthermore, it employs training strategies specialized for
lakehouses: different training stages separately train gates for table
format and execution engine selection, enabling fine-grained spe-
cialization; another stage trains each expert to learn configuration
optimization for specific subsystem combinations, while leveraging
the unique signals available in our domain—explicit ground truth
for best subsystem choices from collected execution traces. Second,
LakeHelm employs comprehensive data augmentation tech-
niques combining workload synthesis and large language model
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Figure 2: Impact of subsystems and configurations. (a) Performance
of the best lakehouse (LH), including subsystems and configura-
tions, for each workload across all workloads. (b) Relationship
between Spark’s storage fraction (x-axis), Iceberg’s target file size
(y-axis), and the TPC-DS query execution time (z-axis).

(LLM)-generated queries to enable robust generalization. Tradi-
tional benchmarks have limited queries and exhibit biases toward
specific subsystem combinations, which lack sufficient quantity
and diversity for training effective zero-shot models. Our approach
generates synthetic workloads with controllable complexity while
preserving realistic execution characteristics.

Across five standard benchmarks (TPC-DS, TPC-H, JOB, SSB,
SSB-Flat [21, 28, 29, 34, 35]), LakeHelm outperforms existing meth-
ods and delivers competitive runtime on unseen workloads. It se-
lects strong engine-format combinations with well-tuned config-
urations that, on average, 1.4X speedup over a fixed overall-best
lakehouse configuration across a large number of workload vari-
ations. Although it does not guarantee optimality, inference com-
pletes in seconds and yields high-quality recommendations without
costly online experimentation. As the first attempt toward joint
engine—format lakehouse tuning, LakeHelm exhibits robust zero-
shot generalization—even when target workloads differ markedly
from the training data—demonstrating its ability to navigate the
complex joint optimization space. Finally, zero-shot tuning is not
mutually exclusive with online tuning: when resources permit,
users can apply existing subsystem-specific methods (e.g., Spark-
focused tuners) on top of LakeHelm’s recommendations to further
improve performance.

2 MOTIVATION
2.1 Complex Multi-Subsystem Interactions

Recent work has demonstrated the significant performance gain
achieved by tuning subsystem-specific configurations in lakehouses,
particularly Spark configurations [23, 25, 42, 49]. Our initial experi-
ments further demonstrate the importance of selecting the proper
subsystem combinations and jointly tuning their configurations.
First, we evaluate three representative engine—format combina-
tions on three benchmark workloads (Figure 2a). For each workload,
we exhaustively tune all subsystem combinations and configura-
tions (cost in Section 2.2), yielding a workload-specific best lake-
house—LH1, LH2, LH3. Two workloads achieve their best time
with Trino-Delta, while one favors Spark-Iceberg, highlighting
workload sensitivity to subsystem choice. We then apply each work-
load’s best lakehouse to the other workloads. Performance shifts



sharply: LH3 is best on JOB-light but worst on TPC-DS. Even the
same subsystem combination (Trino—Delta) behaves very differ-
ently under different configurations (cf. LH1 vs. LH2), and relative
rankings can invert. These results underscore the need to tune both
subsystem combinations and their configurations.

This unified approach, though necessary, substantially compli-
cates optimization. As shown in Figure 2b, knobs from the execution
engine and table format can interact through complex interdepen-
dencies. The figure highlights the interaction between Spark’s stor-
age fraction and Iceberg’s target file size, revealing counterintuitive
performance patterns on TPC-DS queries. Surprisingly, the best
performance arises with the smallest storage fraction (0.20) and the
largest target file size (2048MB), contrary to typical intuitions about
memory allocation and file-granularity trade-offs. With minimal
storage fraction, larger target files appear to compensate by reduc-
ing I/O and metadata overhead despite less memory for caching.
This interdependence creates a challenging search space: small de-
viations from the optimal pairings cause significant slowdowns,
making the space difficult to navigate effectively.

2.2 Generalization to Unseen Workloads

Another challenge for joint engine—format lakehouse tuning is
the high cost of evaluating different subsystem combinations and
configurations, which motivates a zero-shot tuning approach.

Prior work shows that configuration evaluation can account
for up to 90% of total tuning time in a single database [7, 24].
In response, several methods reduce the number of tuning iter-
ations [19, 20, 49], and some even recommend knobs in zero-shot
using generalizable models without configuration evaluation [15].
These costs are amplified in lakehouse tuning. Table-format changes
often require data migration, whose cost can scale exponentially
with growing enterprise data volumes. Even within the same for-
mat, changing certain configurations (e.g., file size) can force data
rewrites. Switching table formats incurs cumbersome workload mi-
gration, and configuration updates often require engine relaunches.
Furthermore, even after migrating data and workloads to a spe-
cific combination and configuration, executing the workload itself
can take substantial time and resources. In our first experiment
(Section 2.1), exhaustive tuning to find the best lakehouse for each
workload required 2 days on average on a 15-node cluster over a
10 GB benchmark dataset. As modern workloads grow, this cost
becomes increasingly prohibitive.

These costs motivate a zero-shot approach that tunes the lake-
house without iterative subsystem or configuration evaluation. This
approach requires a generalizable tuning model, which in turn de-
mands abundant, representative training data; however, current
benchmarks provide limited quantity and diversity. Most standard
benchmarks contain only tens to hundreds of queries, and their
workloads can be biased toward particular engine-format combina-
tions because of narrow query patterns and historical optimization
choices. Models trained on such data struggle to provide robust
recommendations for unseen workloads—precisely what zero-shot
methods require. Therefore, increasing the quantity and diversity
of training workloads is desirable; however, doing so is more chal-
lenging than naively generating random queries, which neither
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guarantees patterns that exercise different subsystems nor avoids
prohibitive evaluation costs during the training stage.

Again, zero-shot tuning is not exclusive to iterative tuning; users
can apply other online tuners when resources permit, where zero-
shot methods provide strong initial subsystems and configurations.

3 SOLUTION OVERVIEW

In this section, we first discuss the problem formulation and then
introduce the main components of our solution, LakeHelm.

3.1 Problem Formulation

Problem formulation. The subsystem-selection problem in lake-
house systems is to choose, for a given workload W on dataset P,
the engine—format pair and configuration that minimize a perfor-
mance metric. Let T = {fy, ..., t, } denote the available table formats
and E = {ey, ..., e, } the compute engines, with the candidate set
C = T xE.For each candidate ¢; = (¢4, ep) € C,let CK;; = TK;XEK},
be its joint knob space, formed by the table-format knobs TK, and
the engine knobs EKj,. The optimal configuration for ¢; is

ckci = arg Ckrencl%i M(W, P, c;,ck), (1)
where M is a performance metric. The goal is to find the global
optimum

min

M(W,P,c;, ck).
ciEC,ckECKCi

(c*,ckl) = arg (2
We use execution time as the metric M, but the formulation and
solution should be generally applicable to other metrics (e.g., cost).

3.2 System Architecture

Figure 3 presents the high-level architecture of our proposed solu-
tion. The diagram highlights how our two core contributions are
integrated across two main stages: (1) MoE Architecture for Mod-
eling, Training, and Inference — where the MoE framework ad-
dresses complex subsystem interactions and provides optimization
recommendations, and (2) Training Data Collection & Augmen-
tation — where data augmentation enhances the training corpus
to address the generalization challenge to unseen workloads.

3.2.1 MoE Architecture for Modeling, Training, and Inference (Sec-
tion 4). To model the complexity inherent in lakehouse perfor-
mance tuning, we adopt a Mixture-of-Experts (MoE) architecture,
which has achieved strong results [11, 33] in recent systems such
as DeepSeek-R1 [9] and Mixtral [18], thanks to sparse conditional
computation that routes inputs to specialized subnetworks. MoE
naturally separates gating and expert components, enabling the
gating network to specialize in subsystem selection while individ-
ual experts focus on configuration optimization. However, naively
applying MoE to lakehouse tuning does not suffice; LakeHelm must
address several critical challenges.

Modeling challenges and solutions. A straightforward MoE
design would connect a single gate to the workload embedding
and route inputs to generic experts, expecting them to discover
specialties and jointly predict both lakehouse subsystems and con-
figurations. This burdens the single gate with learning both engine-
and table-format structure, creating a tight coupling that impedes
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Figure 3: LakeHelm Architecture. Mixture-of-Experts framework
addresses complex subsystem interactions and provides optimiza-
tion recommendations; data augmentation enhances the training
corpus to address generalization to unseen workloads.

convergence. To address this, LakeHelm employs a dual-gate ar-
chitecture with dedicated gates for each subsystem type—one for
table formats and one for execution engines—allowing each gate to
specialize in its respective decision space (Section 4.1).

Training challenges and solutions. End-to-end training of
the full network can be unstable because pipeline components (e.g.,
gate and expert models) have different convergence speeds and
computational characteristics. Moreover, end-to-end supervision
typically requires identifying the optimal subsystem combination
and configuration for each workload, which prevents using sub-
optimal configurations and data from other subsystem combina-
tions, severely limiting the training signal. LakeHelm addresses
this with a specialized three-stage training regime—supervised gate
pre-training and expert-specific training—that aligns convergence
across components and fully utilizes the training data (Section 4.2).

As shown in Figure 4, our architecture integrates three coor-
dinated components: a tree convolution model that encodes SQL
queries into numeric embeddings; the dual-gate design that sepa-
rately captures engine and table-format dependencies; and expert
models that mirror the dual-subsystem structure—separate expert
networks for engine and table-format configurations. This design
allows each expert to specialize in configuration optimization pat-
terns for a subsystem, while capturing the subsystem interactions.
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During inference, given a user workload (queries and data files),
the system feeds query features into the MoE pipeline, producing
three recommendations: (i) table format, (ii) execution engine, and
(iii) configuration knobs. This integrated approach delivers end-to-
end optimization guidance for diverse workloads.

3.2.2 Training Data Collection with Data Augmentation (Section 5).
A generalizable zero-shot model requires both proper modeling
and high-quality training data. However, collecting such data faces
critical challenges that motivate our augmentation approach. First,
gathering sufficient samples across all subsystem combinations and
configurations is computationally expensive and time-consuming.
Second, existing benchmarks offer limited diversity and may not
capture the full spectrum of query patterns and execution scenarios.

To address these challenges, LakeHelm first uses LLMs (Chat-
GPT [31]) to generate new SQL templates spanning a wide range
of complexity, thereby increasing workload diversity (Section 5.1).
It then applies a sampling-based workload synthesis technique to
further expand the training set without additional query-execution
cost (Section 5.2). As illustrated in Figure 3, our data-collection
platform supports loading and executing queries across multiple
lakehouse subsystem combinations—table formats (Delta, Iceberg,
Hudi) and execution engines (Trino, Presto, Spark).

The data-collection procedure loads benchmark tables from TPC-
DS [35], TPC-H [36], JOB-Light [40], SSB [30], and SSB-Flat [29],
and executes queries across different engine—format combinations.
To collect training data under varying configurations, LakeHelm
begins with default settings, measures execution metrics, and then
uses Gaussian Process—common in prior tuning methods [15, 19, 20,
39]—to iteratively propose new configurations based on observed
runtimes; each workload undergoes up to 50 tuning iterations. The
resulting dataset combines original benchmark queries with LLM-
generated ones, providing broad workload coverage.

3.3 Assumptions and Limitations

We focus on three table formats and three execution engines com-
monly used in lakehouse deployments [8, 17, 25, 49], and we op-
timize for average query runtime. The problem formulation and
framework are general and should extend to other lakehouse sub-
systems and performance targets. We assume the raw data is stored
as Parquet [3] files on disk, which all the three table format supports,
though our solution is independent of the raw data format.

Our approach assumes a fixed hardware environment—a 7-node
cluster (Section 7.1.5). Resource constraints prevent us from collect-
ing training data and evaluating on additional hardware. Incorpo-
rating hardware features and training models that generalize across
environments is promising future work.

We tune the most impactful configuration knobs for each subsys-
tem. Specifically, we select 5 knobs for table formats and 8 knobs for
execution engines using prior knob selection methods [19, 39, 46].
These studies show selected knobs can already capture most of the
attainable performance; expanding the knob set is future work.

Finally, although our method does not guarantee global optimal-
ity, as the first attempt at zero-shot, end-to-end lakehouse tuning, it
achieves highly competitive performance, which significantly out-
performs existing techniques (Section 7.2). It can be combined with
subsystem-specific online optimization when resources permit.



4 MIXTURE OF EXPERTS ARCHITECTURE

In this section, we introduce our design of LakeHelm’s MoE model-
ing, including the model architecture and training methodology.

4.1 Mixture-of-Experts Model Architecture

Understanding the complexity inherent in lakehouse performance
tuning necessitates the recognition of two fundamental interaction
paradigms within the optimization process. The primary paradigm
involves modeling the intricate relationships between workload
characteristics and subsystem combinations, while the secondary
paradigm encompasses the complex interdependencies among spe-
cific subsystem components. The MoE architecture addresses these
challenges through its inherently modular yet holistic design: the
gating network specializes in subsystem selection decisions, while
individual experts focus on configuration optimization for spe-
cific subsystem combinations. This architectural decomposition
facilitates the learning of complex mappings between workload
characteristics and the joint optimization of subsystem selection.
Nevertheless, naively applying to lakehouse tuning presents sig-
nificant challenges. A straightforward MoE design would connect
a single gate to the workload embedding and route each input
to several generic experts, expecting them to discover specialties
and jointly predict both lakehouse subsystems and configurations.
However, this naive approach faces two critical obstacles: (1) with
limited training data, experts often fail to converge on distinct
specialties, and (2) even when they specialize, directly predicting
optimal configurations remains challenging due to the vast config-
uration space and the high cost of obtaining ground-truth optima.
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Workload Embedding

Iceberg |

Spark )
Configuration ‘

Configuration)

Table Format Gate Execution Engine Gate

= ~ l
Iceberg ) Delta Hudi Presto Spark Trino
Expert | Expert Expert Expert Expert | Expert
— | | ]

v

s

Figure 4: MoE Model Structure for LakeHelm

LakeHelm address these challenges by aligning the MoE’s gates
and experts with explicit subsystem boundaries. As shown in Fig-
ure 4, LakeHelm dedicates one gate per subsystem type—one for ta-
ble formats and one for execution engines. Each gate selects exactly
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one expert, with each expert tied to a single concrete subsystem
(e.g., Iceberg or Spark). When a workload embedding arrives, the
gates select their respective subsystems (one for format and one
for engine), and the two corresponding experts collaborate to rec-
ommend configurations for these subsystems. This customized role
assignment simplifies training and enhances data efficiency while
preserving the joint model’s ability to capture cross-subsystem
interactions through end-to-end training.

Rather than directly regressing on optimal configurations, Lake-
Helm adopts a proven two-step strategy from prior tuning work [15,
19, 20, 39]. Each expert functions as a surrogate model that takes
a candidate configuration and outputs a latent vector. These two
latent vectors (one per active expert) are fused by a multilayer per-
ceptron (MLP) to predict overall workload latency. At inference
time, after the gates select their experts, the model samples a large
pool of configurations for each subsystem, scores them using the
surrogate models, and returns the best choice.

We now discuss the details of LakeHelm’s MoE modeling, in-
cluding gate models, expert models, and the loss function.

4.1.1  Workload Representation and Gate Models. LakeHelm first
converts the input workload into a feature representation using a
tree convolution network, which has been successfully applied to
query modeling [26, 27]. LakeHelm utilizes the query’s logical plan
rather than the physical plan, as accessing physical plans necessi-
tates expensive resource allocation for metadata generation in data
lake environments. LakeHelm’s encoding approach employs a two-
component embedding structure: [operator, operator_columns] for
all logical plan nodes, where operator represents the operation type
(e.g., Scan, Filter, Join, Aggregate) and operator_columns denotes
the specific columns involved in that operation.

Node features are augmented with Parquet file statistics, includ-
ing column histograms and row counts. LakeHelm uses operator-
specific column definitions: Scan operators incorporate row counts
from file metadata, while Join operators utilize cardinality estima-
tion values derived from joined column statistics. The tree con-
volution model processes these enriched node features through
an MLP-based kernel network. At each convolution step, the ker-
nel combines encodings from the current node with those of its
children, capturing hierarchical interactions across the query plan.

The workload representation serves as input to the gate model.
The output labels of the gate models represent the chosen subsystem
combination. If the model predicts that the workload will achieve
the best execution time using Spark with Iceberg, the table format
gate will output Iceberg, and the execution gate will output Spark.

4.1.2  Expert Models and Performance Prediction. The expert mod-
els take as input the workload representation, the gate outputs,
and candidate configuration knobs. The gate outputs are integer-
encoded indicators of the selected subsystems: for the engine ex-
pert, an additional column records the table format chosen by the
format gate, and vice versa, allowing the experts to capture cross-
subsystem interactions. The configuration knobs specify candidate
subsystem-specific settings; during inference, after the gates de-
termine the subsystem choices, LakeHelm samples a large set of
configurations for each expert and evaluates them through the
expert models. The two activated experts (engine and format) pro-
cess these features through their specialized networks to produce



intermediate embeddings that capture subsystem behavior and in-
teractions. These embeddings are then concatenated and passed to
a post-MLP head, which outputs the final performance prediction
as a ratio-based target, defined as the predicted workload execu-
tion time divided by the best execution time observed for the same
workload during exhaustive tuning in the data collection process
(Section 3.2.2).

4.1.3  Loss Function. During training, LakeHelm encodes each work-
load using the tree-convolution model to obtain an embedding that

feeds into gate models to produce format and engine selection prob-
abilities. Then the corresponding expert networks and the post-MLP

make the final performance prediction. LakeHelm’s training ob-
jective integrates three complementary losses to balance learning

across all these components.

Cross-Entropy Loss (Gate Models). LakeHelm uses cross-entropy
loss for the gate models, given their classification nature:

Leg =- [ IOngormat,f* +10g Peng,c* ], (3

where prormat,f+ is the predicted probability of selecting the best
format f™ for the given workload, and peng .+ is the predicted proba-
bility of selecting the best engine c*. These probabilities come from
the softmax outputs of the respective gate networks. f* and c* are
the best subsystems identified in data collection (Section 3.2.2).

Mean Squared Loss (Expert and Performance Models). LakeHelm
utilizes the MSE loss for the expert and performance prediction
models. The loss is weighted by the joint Gumbel-softmax proba-
bilities of both engine and table format gates:

_(a 2, gumbel  gumbel
Lyse = (7= r)? - plmbel . peembel | (4)
gumbel gumbel
eng,c* and format, f*
ties of the correct engine ¢* and format f*.

where p denote the Gumbel-softmax probabili-

Diversity Regularization (Gate Balance). To prevent collapse where
gates assign all probability mass to a single subsystem, LakeHelm
enforces distributional balance across the batch:

2

2
—_ = 1 = 1
Lai = z (pformat,j - \formats|) + z ‘(Peng,k - \engines|) ’ (5)
k

where pformat,j and Peng i are average selection probabilities across
all samples in the batch. This term regularizes the gate distributions
and improves exploration.

Total Objective and Gradient Connections. The final objective for
each workload integrates all components:

Liotal = Luise + Lk + Adiv - Laiv- (6)

During training, the gradients for each batch of workloads flow
through the entire architecture to jointly optimize the tree convo-
lution encoder, gate networks, and expert models.

4.2 Training Strategy

Despite architectural advantages for complex optimization, training
our MoE design presents two challenges. First, expert starvation
occurs when some experts receive insufficient samples, creating
a feedback loop where the gate network increasingly avoids un-
derutilized experts. Traditional MoE solutions [33] address this by
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adding auxiliary losses to encourage balanced expert utilization.
However, this approach requires many more epochs for the gate to
converge, which is impractical in our setting: the tree-convolution
encoder is computationally expensive and prone to overfitting, caus-
ing convergence mismatches when training the gates, encoder, and
experts jointly, even with additional regularization. Second, our
optimization problem has exactly one best subsystem-configuration
pair per workload, resulting in sparse training signals compared
to conventional machine learning scenarios where multiple valid
solutions exist.

To address these challenges, we design a specialized training
approach with three coordinated stages in each training epoch:
end-to-end training that uses the loss discussed in Section 4.1.3,
gate-focused training that resolves expert starvation and conver-
gence issues, and expert-focused training that overcomes sparse
training signals. As illustrated in Figure 5, a training epoch consists
of first flowing data through end-to-end training, followed by acti-
vating both gate-focused and expert-focused training stages. During
the gate-focused and expert-focused stages, multiple sub-epochs
are performed with different data volumes. Finally, throughout all
stages, the model’s best state based on validation loss serves as the
initialization for subsequent stages, maintaining training stability
and ensuring convergence quality across the entire pipeline.

To better illustrate how training data flows in each stage, we
denote the number of workloads in the training dataset as N, the
number of subsystem combinations as C, and the number of con-
figurations per combination as M. In total, the training dataset
contains N X C X M records.

End-to-end Training: This stage integrates all components
where workload embeddings produced by the tree convolution
model are processed by gate networks to generate subsystem selec-
tion probabilities, which are then concatenated with configuration
features and passed to experts for execution time prediction. End-to-
end training uses only N samples where each workload contributes
its best subsystem-configuration pair, enabling joint optimization
of all model components.

Gate-focused Training: Gate-focused training uses N directly
observable best subsystem choices as strong supervision. Each
workload embedding is paired with its best subsystem combina-
tion, creating N training samples that are processed across multiple
epochs. This approach prevents collapse into trivial solutions and
accelerates convergence by separating gate training from end-to-
end optimization. Additionally, LakeHelm’s diversity regularization
(Section 4.1.3) distributes probability mass across subsystems, re-
ducing expert underutilization.

Expert-focused Training: As shown in Figure 5, this exposes
every expert to the complete dataset within its domain. Each expert
is trained individually across every workload and configuration
tuple within its assigned combination, processing N X M samples in
total across multiple sub-epochs. Crucially, for each expert’s train-
ing, all data within its specific combination is utilized, including
suboptimal and poor configurations. This comprehensive exposure
enables the model to identify inferior configurations and predict
correspondingly high performance ratios, ensuring accurate per-
formance models before gate integration and comprehensive data
utilization across heterogeneous subsystem distributions.
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5 DATA AUGMENTATION

This section presents our data augmentation methodology, which
integrates two complementary approaches: (1) LLM-generated
queries, which provide fine-grained control over query complex-
ity and mitigate benchmark biases; and (2) workload synthesis,
which expands limited execution traces into rich training corpora.
Together, these strategies address both data scarcity and represen-
tational imbalance, enabling robust training of MoE models.
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Figure 6: Proposed augmentation methods. The left panel displays
LLM-generated SQL templates; the right panel shows synthesized
workloads with no additional execution cost.

5.1 LLM-generated Queries

Zero-shot models must generalize across workloads, which in turn
requires training data that is representative—especially near deci-
sion boundaries between subsystem combinations. Standard bench-
marks (e.g., TPC-DS [35], SSB [30]) typically provide few query tem-
plates and often favor specific subsystems due to implementation
choices and historical optimizations. Therefore, recent work utilizes
LLMs to generate SQL templates and expand training data [15], but
without explicit control over query complexity and with frequent
empty result sets, limiting their generalization value.
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As shown in Figure 6, LakeHelm introduces operator-level com-
plexity controls for LLM-generated queries. We assign scores in 1,2,3
to six primary SQL operators—scan, join, aggregate, sort, project,
and nested query—and define a query’s total complexity as the sum
of its operator scores. For example, a “simple” join (score 1) uses
two tables with a primary-foreign key; a “moderate” join (score
2) spans more tables or non-key columns and may include filters;
and a “complex” join (score 3) may involve three or more tables,
subqueries, or non-equijoins.

LakeHelm enumerates both total-complexity tiers and per-operator
levels to sample balanced combinations across the space. Prompts
include schema details, data scale, and representative templates,
guiding the LLM (GPT-40) to generate queries within targeted
complexity bands. This structured prompting improves syntactic
correctness and dialect compatibility across engines.

To address empty outputs, LakeHelm anchors generation with
validated benchmark queries and reusable subqueries, executes
each candidate, and filters those yielding empty result sets. This
preserves realistic execution characteristics.

The result is a balanced dataset with controllable complexity and
meaningful coverage: operator-level scoring provides interpretable
control, and systematic validation ensures a useful correlation be-
tween SQL complexity and runtime performance, yielding a richer,
more representative training set than benchmarks alone.

5.2 Workload Synthesis

Although LLMs can increase the number of distinct queries, ex-
haustively executing workloads across subsystem combinations and
configurations remains computationally expensive; consequently,
only a limited number of workloads can be run in practice. More-
over, a single workload has exactly one best lakehouse (subsystems
plus configuration), yielding an insufficient training signal for MoE.

To overcome this, we design a workload-synthesis framework
that generates additional training data from execution traces with-
out extra runs. A single exhaustive tuning pass for a workload



already measures every query under many subsystem and config-
uration settings. We therefore resample queries within this pass
to assemble new workloads, reusing the recorded metrics for each
lakehouse setting at zero additional execution cost.

Naive query sampling, however, can entrench subsystem pref-
erences: uniform selection often favors dominant combinations
(e.g., Iceberg+Spark), producing high volume but low diversity and
offering little coverage of decision boundaries where the optimal
choice is uncertain. We address this with balanced sampling: we
group queries by their best subsystem combination and sample
equally across groups, while increasing the selection probability
of minority combinations. For training, we use 80% balanced sam-
pling and 20% random sampling; for testing, we use fully random
sampling to reflect real-world distributions.

As shown in Figure 6, each augmented data point contains three
components: (1) an SQL representation capturing query semantics,
(2) configuration settings defining the execution environment, and
(3) execution time as the performance metric. This triplet preserves
the characteristics needed for accurate performance prediction.

Concretely, LakeHelm constructs synthetic workloads by sam-
pling many subsets of n queries executed under the same config-
uration. Assume it samples queries ¢y, . . ., ¢, With corresponding
execution times ty,. .., t,. The workload feature is a weighted sum,
i, @i -feature(g;) and the aggregated execution time is ), a;-t;,
where coeflicients @; control each query’s contribution. This for-
mulation aligns synthesized features with measured performance,
turning a small set of expensive trials into a large pool of labeled
workloads. It also preserves ground-truth fidelity and provides the
MoE with both data volume and variety for efficient offline training.

6 INFERENCE WITH LAKEHELM

After training, LakeHelm generates subsystem and configuration
recommendations through a three-step inference process.

In the first step, LakeHelm extracts vectorized representations for
unseen workloads. It uses logical plans from Spark and augments
them with statistical metadata, including column histograms and
row counts from Parquet files. These inputs are fed into the trained
tree model to produce SQL-level features, which are then aggregated
to obtain the overall workload feature vector Fyy.

Next, the two gating networks (engine and format) each process
the workload features Fy, and output a probability distribution over
available subsystems, selecting the one with the highest probability:
s* = arg max; softmax(G(Fw));.

Finally, LakeHelm samples the configuration space, which con-
tains both discrete knobs (e.g., number of partitions) and continuous
knobs (e.g., memory allocation ratios). For continuous knobs, Lake-
Helm defines bounded ranges and discretizes them to create an
enumerable configuration space C = C; X Cz X - - - X Cy,. The cor-
responding expert models then evaluate different configurations
and recommend the one that minimizes predicted execution time:
¢* = argmingec Es+ (Fw, ¢), which is indexed back to the configu-
ration space to obtain the best configuration.
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7 EVALUATION
7.1 Experiment Setup

7.1.1 Datasets. To evaluate LakeHelm across diverse data scales
and workloads, we use five widely adopted analytical benchmarks:
TPC-H [36], TPC-DS [35], JOB [40], SSB [30], and SSB-Flat [30]. We
also vary each benchmark across three scale factors, sf={1, 10,
1003}, representing small, medium, and large data sizes. Note that
JOB is evaluated only at sf=10GB, since its dataset is fixed in size
and does not support scalable data generation across scale factors.

As discussed in Section 3.2.2, we perform exhaustive tuning (up
to 50 iterations) on both original and LLM-generated queries to
collect execution data for training and evlauation. For each bench-
mark and scale factor, we tune configurations for all SQL queries
across 9 subsystem combinations, including three query engines
(Spark, Presto, and Trino) and three table formats (Hudi, Iceberg,
and Delta). The configuration vector contains 12 parameters: 8 for
the compute engine (such as Spark’s executor cores, executor mem-
ory, and parallelism settings) and 4 for the table format (such as
Delta’s file size).

The total number of augmented workloads in our experiments is
approximately 3,000, resulting in around 324,000 execution samples
across all benchmarks, scale factors, subsystem combinations, and
configurations.

7.1.2  Baselines. We compare LakeHelm against these baselines:

Baseline #1 (Best-Fixed): We employ an overall best fixed
subsystem combination(Trino + iceberg) and configuration. Specifi-
cally, we select the combination that achieves the best performance
most frequently in our collected execution data and use the con-
figuration knobs that demonstrate the best average performance
across the data.

Baseline #2 (GPT-5): We use GPT-5 [31] to directly recommend
the subsystem combination and configuration in a zero-shot man-
ner; the suggested settings are applied once without any feedback.

Baseline #3 (GPT-40): We use GPT-40 [31] under the same
zero-shot protocol as GPT-5.

Baseline #4 (Two-Stage): We compare LakeHelm’s MoE model
with a two-stage modeling approach: the first model recommends
subsystem combinations, and the second recommends configura-
tions for the selected subsystems. We implement the first model
using decision trees and neural networks (NNs) for classification,
and the second model using NN trained separately as regressors.

Baseline #5 (A-Tune): A-Tune[13] is an online tuning method
that iteratively executes the target workload, observes feedback,
and updates configuration choices across multiple rounds, resulting
in substantially higher tuning overhead at larger scale factors. Since
changing subsystem combination online is infeasible, we employ
A-Tune for each test workload with the overall best-performing
subsystem combination observed in our collected data.

7.1.3  Experiment Methodology. We evaluate LakeHelm and base-
lines in a zero-shot setting. For each experiment, we select one
benchmark as the target benchmark and exclude all execution data
from this benchmark from the training set. We then train Lake-
Helm with a training dataset that aggregates execution data from
the remaining benchmarks across all scale factors (sf={1, 10, 100}).
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Figure 7: Zero-shot performance evaluation of baseline performance under different scale factors. Rows correspond to scale factors of 1GB,

10GB, and 100GB, while columns represent different benchmarks.

For each benchmark, we evaluate the lakehouse recommenda-
tions only on the original benchmark queries and report results
separately for each scale factor. However, treating each benchmark
as a single workload yields too few test points. To broaden coverage,
we adopt a workload augmentation strategy similar to Section 5.2:
for each benchmark, we use Bagging [6] to generate 10 workloads
by sampling 10%, 20%, ..., 100% of the original benchmark queries.

All methods make recommendations per sampled workload. We
then report the average result across all 10 sampled workloads per
benchmark and scale factor. For LakeHelm and Two-Stage, after
the gate models/classifiers first recommend the subsystem combi-
nation, they uniformly sample 50,000 configurations, use the expert
models/regressors to predict execution time, and return the config-
uration with the minimum predicted time as the recommendation.

To speed up evaluation, we map each recommended subsystem
combination and configuration to the nearest executed configura-
tion in our collected execution data using a normalized (0-1) dis-
tance metric over the configuration space. On average, the nearest
neighbor is within 0.03, and we observe negligible latency differ-
ences at this granularity. We therefore use the latency of the nearest
executed configuration as the recommendation’s realized latency.

7.1.4  Metrics. We use Time Ratio as the primary evaluation met-
ric. For each workload, we compute the ratio of the execution time
under the recommended subsystem combination and configuration
to the best observed execution time from our collected execution
data under exhaustive tuning (lower is better; the optimum is 1.0).
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7.1.5 Computational Resources. All experiments were conducted
on the University of Michigan Great Lakes Cluster [38] using CPU
nodes with dual Intel Xeon Gold 6154 processors. Data staging
used 3 lightweight nodes, while execution-time profiling used a 4-
nodes cluster. Each query engine was allocated identical resources
(4 nodes, 8 cores and 64 GB RAM per node), and model training
was performed on a single NVIDIA RTX 4090 GPU.

7.2 Main Results

7.2.1 Zero-Shot Performance Evaluation. We present our main re-
sults via a zero-shot evaluation across five benchmarks. Figure 7
reports time ratio under different scale factors.

Overall performance and scale-stratified results. Across all re-
ported test points (TPC-DS/TPC-H/SSB/SSB-Flat at sf=1/10/100GB
plus JOB at sf=10GB), LakeHelm achieves the best overall perfor-
mance with an average time ratio of 1.45. The strongest baseline
across all settings is Best-Fixed, with an average time ratio of 2.03,
yielding a 1.40x overall improvement.

This advantage is consistently observed across all scale regimes
when compared against the best-performing baseline at each scale.
At sf=1GB, the strongest baseline is A-Tune (1.23), while Lake-
Helm achieves a lower average ratio of 1.19. At sf=10GB, A-Tune
again emerges as the best baseline (1.90), whereas LakeHelm fur-
ther improves to 1.61. At sf=100GB, the best-performing baseline
shifts to Best-Fixed (1.95), yet LakeHelm remains stable at 1.51,
demonstrating robust performance under large-scale execution.



Beyond average performance, LakeHelm also demonstrates strong
worst-case robustness at large scale. At sf=100GB, LakeHelm stays
below a time ratio of 1.80 on three out of four benchmarks (TPC-
DS, TPC-H, and SSB-Flat). In contrast, the strongest baseline at
this scale, Best-Fixed, exceeds 2.80 on TPC-DS and remains above
1.50 on all benchmarks. This indicates that LakeHelm not only im-
proves mean performance, but also substantially reduces large-scale
performance degradation in unfavorable execution regimes.

Key insights. Based on the main results above, we distill the
following five key insights that explain where performance gaps
arise and how they evolve across data scales and workloads.

Key insight #1 (small-scale saturation). At sf=1GB, performance
differences between methods are relatively small: LakeHelm aver-
ages 1.19, while Best-Fixed, A-Tune, GPT-40, and GPT-5 average
1.24, 1.23, 1.36, and 1.41, respectively. This “small-gap” regime
is expected because small datasets often fit in memory and incur
limited shuffle/spill pressure, so the penalty of suboptimal configu-
rations is muted and subsystem-combination choice dominates.
Key insight #2 (scale amplifies configuration sensitivity). As
the scale increases, the gap widens substantially, and joint config-
uration tuning across subsystems becomes critical. This trend is
reflected in the relative degradation of baselines: A-Tune exhibits
the smallest performance degradation as scale grows, and GPT-5,
despite higher reasoning cost, often recommends better configura-
tions (knobs) than other LLM-based baselines, even though it does
not consistently identify better subsystem combinations.

Key insight #3 (query complexity drives tuning upside). For
benchmarks dominated by simpler SQL (fewer joins, predictable
scans), configuration changes yield smaller marginal gains because
the execution path is stable and less likely to trigger expensive
shuffles/spills. For example, SSB at sf=1GB shows minimal separa-
tion (LakeHelm 1.13 vs. Best-Fixed 1.13), indicating that once a
reasonable subsystem is chosen, further knob tuning provides di-
minishing returns. In contrast, complex workloads with deeper join
trees and heavier shuffles (notably TPC-DS and JOB) show much
larger gains from workload-aware configuration tuning, especially
at sf=10/100GB.

Key insight #4 (scale magnifies subsystem combination gaps).
In most cases, increasing the scale factor makes the leading engine—
format combination stand out more clearly, resulting in a larger
and more stable performance margin. As data grows, bottlenecks
such as memory pressure, spill, shuffle, and I/O saturation become
dominant, which amplifies performance differences and allows
the strongest combination to establish a clearer lead. For a subset
of queries, however, scale growth can also change the dominant
combination: e.g., many TPC-DS queries shift from favoring Trino
at small scale to Spark at larger scale, reflecting different robustness
under scale-triggered shuffle and memory pressure.

Key insight #5 (GPT-5 vs. GPT-4o0 is scale-dependent). GPT-
5 is consistently better than GPT-4o0 at large scale factors (e.g.,
sf=100GB: 2.60 vs. 3.17), suggesting stronger ability to propose
configurations that mitigate memory/shuffle pressure. At small
scale, their performance is closer because subsystem-combination
choice dominates and the upside of better configuration reasoning
is limited.
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Method | LakeHelm Two-Stage GPT-5 GPT-do

Inference Time ‘ 58.5s 479 507 s 146 s

A-Tune (sf=1/10/100GB) | ~1h/~3h/~8h

Table 1: Average inference (or tuning) time comparison. A-Tune
shows scale-dependent tuning overhead, while other methods pro-
vide near constant inference latency.

System-level interpretation (compute engines and lake formats). A
concrete example of the scale-driven dynamics above is the Trino-
Spark reversal on TPC-DS with Iceberg: Trino+Iceberg performs
better at sf=1GB, yet Spark+Iceberg becomes superior at sf=100GB.
This occurs because Spark provides more explicit control over shuf-
fle scheduling and spill tolerance, allowing it to better handle large
data movement under shuffle-intensive joins, while Iceberg’s meta-
data pruning further amplifies these effects at large scale.

7.2.2  Time Cost. Table 1 compares the inference/tuning time of
different methods. Zero-shot methods (LakeHelm/Two-Stage/GPT-
5/GPT-40) provide near-constant inference latency (10s/100s sec-
onds), while A-Tune incurs scale-dependent overhead (hours at
sf=10/100GB). Furthermore, A-Tune tunes only under a fixed sub-
system combination, since switching subsystems online is highly
challenging and often impractical.

7.3 Ablation Study

To comprehensively evaluate the contribution of each component
in our framework, we conducted systematic ablation studies to
verify the effectiveness of our proposed methods.

7.3.1 Ablation Study on Training Strategy and Inference Strategy.
We first study the impact of different training strategies in Lake-
Helm by selectively removing gate-focused training, expert-focused
training, or both. Table 2 summarizes the results under zero-shot
evaluation across scale factors. In addition, we include a variant
that removes the dual-gate design, where the two-layer routing is
replaced by a single unified gate.

Removing expert-focused training leads to only minor degra-
dation at small and medium scales. At sf=1GB and sf=10GB, the
time ratio increases modestly across all benchmarks (e.g., TPC-DS
from 1.23 to 1.33 at sf=1GB, and from 1.88 to 2.12 at sf=10GB).
However, the performance drop becomes significantly amplified
at sf=100GB, where expert removal degrades TPC-DS from 1.79
to 3.19, and SSB-Flat from 1.21 to 2.97. This trend indicates that
expert specialization is particularly critical at large scale, where
configuration-level decisions strongly interact with memory pres-
sure, shuffle behavior, and spill dynamics.

In contrast, removing gate-focused training consistently de-
grades performance across all scale factors. Even at sf=1GB, time
ratios increase noticeably (e.g., TPC-DS rises from 1.23 to 1.51), and
the degradation persists and compounds at sf=10GB and sf=100GB.
This behavior highlights that incorrect or unstable routing among
subsystem combinations cannot be compensated by configuration
tuning alone, and that accurate combination selection is a prerequi-
site for effective end-to-end optimization.



Method TPC-DS TPC-H SSB SSB-Flat JoB
1IGB  10GB 100GB | 1GB 10GB 100GB | 1GB 10GB 100GB | 1GB 10GB 100GB | 10GB

LakeHelm | 123 18 179 | 110 168 142 | 113 146 162 | 129 153 121 | 151
- Expert Focused 133 212 319 | 141 177 267 | 123 201 281 | 139 216 297 | 227

- Gate Focused 151 280 271 | 163 182 216 | 147 181 232 | 142 274 258 | 281

- Both Focused 162 291 336 | 180 187 266 | 158 211 249 | 167 280 273 | 293

- Double Gate 149 231 242 | 140 166 208 | 131 172 183 | 138 177 145 | 216

- Inference Strategy | 1.54 235 4.12 1.64 1.91 3.11 1.63 1.86 2.79 1.52 1.82 2.38 4.11

Table 2: Ablation study on LakeHelm’s training and inference strategies. Results are reported as Time Ratio at sf=1GB, 10GB, 100GB.

Method | TPC-DS | TPC-H | SSB | SSB-Flat | JOB
LakeHelm | 18 | 168 | 146 | 153 | 151
- Gen SQL 2.40 186 | 171 234 2.66
- Workload Syn 2,51 2.13 2.01 2,51 3.13
+ SQL Storm 1.96 178 | 1.52 143 1.88

Table 3: Ablation study on data augmentation strategies. All results
are reported at a fixed sf=10GB (Time Ratio; lower is better).

When both focused training strategies are removed, performance
deteriorates the most across all benchmarks and scales. The re-
sulting time ratios approach or exceed those of strong baselines,
confirming that LakeHelm relies on both accurate combination se-
lection (gate) and fine-grained configuration modeling (experts) to
achieve robust performance.

Beyond the sample-and-rank inference paradigm, we also evalu-
ate directly predicting a concrete configuration at inference time,
allowing LakeHelm to output a single end-to-end configuration
without candidate enumeration. However, direct configuration pre-
diction is inherently challenging due to the high-dimensional con-
figuration space and sharp performance cliffs, which significantly
hinder training convergence and often lead to extreme or poorly
calibrated predictions. These observations motivate our inference
strategy (Section 6) to stabilize learning and improve robustness.

7.3.2  Ablation Study on Data Augmentation. We next evaluate
the effect of different data augmentation strategies, with results
reported in Table 3. All experiments in this section use the full
LakeHelm training and inference strategy.

Removing either generated SQL queries or workload synthesis
substantially degrades performance across all benchmarks. For
example, removing generated SQL increases the time ratio on TPC-
DS from 1.88 to 2.40, and on SSB-Flat from 1.53 to 2.34. Removing
workload synthesis leads to even larger degradation, indicating that
capturing workload-level structure and cross-query interactions is
critical for generalization.

Replacing our LLM-generated SQL queries with SQL Storm yields
inferior performance in most (4/5) cases, though the performance
of SQL Storm is competitive. Across all benchmarks, SQL Storm
reduces time ratios substantially compared to the “no Gen SQL”
setting (e.g., TPC-DS improves from 2.40 to 1.96), and its average
time ratio is close to LakeHelm (SQL Storm: ~1.71 vs. Ours: ~1.61).

However, as shown in Table 4, LakeHelm attains this perfor-
mance with lower acquisition cost and more controllable workload
quality. For a fair comparison, we generate approximately 200 SQL
queries using SQLStorm, so that the number of non-empty SQLs
from SQLStorm is comparable to that produced by our method.

Instead of relying on large-scale free-form SQL generation, Lake-
Helm imposes finer-grained complexity control to systematically
cover different join depths and operator patterns, enabling more bal-
anced structural coverage and reducing variance caused by extreme
or degenerate queries.

Table 4 provides a workload-level view of how different SQL
sources populate structurally diverse regimes that are relevant
for lakehouse evaluation, reporting non-empty template coverage,
join complexity distribution, and summary statistics on referenced
tables and predicates. While the latter metrics are included for
completeness, our analysis primarily focuses on join complexity, as
it captures the dominant dimension of structural diversity across
workloads. As shown in the table, different SQL sources exhibit
markedly different coverage profiles: LakeHelm produces a more
diverse and balanced join complexity distribution compared to
SQLStorm, which tends to concentrate queries within a narrower
join-depth range. In conclusion, our generated workloads exercise
a broader spectrum of execution regimes during training, which is
essential for learning robust, workload-aware recommendations,
particularly at larger scale factors such as sf=100GB.

w
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Figure 8: Effects of training data scale on LakeHelm performance

across three scales (1/3, 2/3, and complete dataset).

7.3.3  Ablation study on scale of training data. We delve deeper into
the effects of training data scale on the quality of configurations
recommended by the LakeHelm. Following the evaluation settings
outlined in Section 7.1.4, we modify the scale of the training dataset
for our analysis. Our experiments are conducted across three differ-
ent scales: 1/3, 2/3, and the complete training dataset, with results
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Metri | TPC-DS | TPC-H | SSB | SSB-flat | JoB
etric

| Bench  SQLStorm  Ours | Bench SQLStorm  Ours | Bench  SQLStorm  Ours | Bench SQLStorm  Ours | Bench ~ SQLStorm  Ours
Non-empty / Distinct templates 106/106 103/200 124/150 22/22 105/200 116/150 13/13 92/200 128/150 13/13 92/200 120/150 120/120 108/200 120/150
Join complexity distribution (L/M/H) 103/0/3 48/50/5 41/41/42 22/0/0 5/61/39 38/38/40 13/0/0 36/52/4 42/42/44 13/0/0 92/0/0 120/0/0 118/2/0 21/73/14 40/40/40
Referenced Tables per SQL (Min / Max / Avg) 3/12/7.5 3/11/7.4 3/12/8.2 2/8/4.5 6/12/9.3 6/13/10.2 2/5/3.0 4/10/6.8 4/11/7.6 1/1/1.0 1/1/1.0 1/1/1.0 4/15/8.0 5/13/8.6 5/14/9.8
Predicates per SQL (Min / Max / Avg) 4/25/12.0 4/14/8.3 4/16/9.7 2/12/6.0 6/19/11.3 5/20/12.6 | 3/15/8.0 3/13/7.9 3/14/8.8 0/10/4.0 0/15/8.0 0/16/9.2 6/40/18.0 4/17/9.3 2/18/10.5

Table 4: The join complexity distribution (L/M/H) column reports the number of SOL templates whose join counts fall into low (0-3
joins), medium (4-6 joins), and high (7+ joins) categories. For referenced tables and predicates, we report min / max / avg. per SQL template.

visualized in Figure 8. The figure demonstrates the progressive
improvement in time ratio as training data scale increases. The find-
ings illustrate a notable positive relationship between training data
size and the enhancement in configuration quality suggested by
the LakeHelm. Time ratio shows consistent improvements across
all scales, with the trend persisting even when utilizing the entire
training set. This suggests that LakeHelm performance can be fur-
ther optimized with an expanded training dataset, indicating that
the method has not yet reached performance ceiling.

7.4 Experimental Cost Evaluation

This section analyzes the computational and financial costs of our
system. camera

7.4.1  Workload Generation Cost. The workload generation pro-
cess is scale-factor agnostic: SQL templates are generated once per
benchmark and reused across all scale factors (sf=1/10/100GB).

We employ GPT-40 to generate additional SQL templates to
augment benchmark workloads. Across all benchmarks, SQL gen-
eration required approximately 17 hours and incurred a total cost
of about $20 for 200 templates per benchmark. Workload synthesis
via linear interpolation requires only a few minutes and introduces
negligible overhead.

7.4.2  Training Data Collection Cost. Training data collection com-
prises two sequential stages: data loading and iterative latency
collection. For both stages, we utilized the computational infras-
tructure detailed in Section 7.1. The data loading phase required 30
hours to load all benchmark tables with Spark across different table
formats, resulting in a total storage footprint of 402 GB across all
datasets. The iterative execution metrics collection stage required
roughly 450 hours of computation time for each benchmark across
all subsystem combinations. This phase systematically executed
queries to gather performance metrics across the full configuration
space explored by our Gaussian process surrogate model

7.4.3  Model Training Cost. Model training is performed on a single
NVIDIA RTX 4090 GPU. The complete training process requires
12-18 hours depending on the training strategy.

8 RELATED WORK

Prior research relevant to our problem spans two key areas. First,
studies on open table formats and query engine optimization ex-
amine how format policies and engine configurations shape perfor-
mance, but typically treat subsystems in isolation [17, 23, 25, 42, 43,
49]. Second, data augmentation approaches broaden training cover-
age to improve generalization. Alternative strategies employ feature
amplification techniques and LLM-based query generation to syn-
thesize diverse, representative workloads cost-effectively [12, 48].

1779

Query engine and data layout optimization. There is a long
line of research on automatic tuning for query engines. Early work
such as OtterTune [39], CDBTune [45], and QTune [22] framed
tuning as a configuration search problem, applying Bayesian opti-
mization or reinforcement learning to reduce manual knob setting.
More recent approaches, including UDO [41] and LlamaTune [19],
focus on unifying logical and physical tuning decisions or reduc-
ing sample complexity for faster convergence. At the same time,
commercial and open-source engines (e.g., Spark) integrate built-in
techniques such as cost-based optimization, adaptive query exe-
cution, and runtime knob tuning to improve robustness [44], but
they generally assume the underlying data layout is static. Beyond
query engine tuning, research has also explored data layout and
compaction strategies. Notably, Starfish [14], though designed for
Hadoop, demonstrated the value of learned resource allocation
models for large-scale data pipelines, highlighting the importance
of joint optimization across system layers. However, in lakehouses,
engine optimizers assume fixed data layout while layout optimizers
treat query engine as a black box, leading to underexplored cross-
subsystem interactions such as the interplay between Iceberg’s split
size and Spark’s shuffle behavior.

Data augmentation. To synthesize more representative work-
loads, diversifying data variety rather than simply increasing vol-
ume is crucial. Alternative augmentation strategies have emerged
that employ feature amplification techniques. These approaches
synthesize workloads cost-effectively by interpolating or extrapo-
lating existing workload characteristics, thereby avoiding expensive
plan generation or query execution requirements. More recently,
large language models (LLMs) have shown significant promise for
workload synthesis. Research has demonstrated LLMs’ capability
for generating semantically diverse SQL queries [12]. Addition-
ally, PBench [48] combines traditional benchmark components
with GPT-enhanced query generation to approximate target per-
formance statistics through example-based prompting.

9 CONCLUSION

This paper explores an innovative method for end-to-end zero-shot
advisory services that recommend both subsystem combinations
and corresponding configurations. To achieve this goal, we intro-
duce a novel MoE pipeline with a specialized training strategy and a
data augmentation method. Through extensive experiments on five
benchmarks and ablation studies, we demonstrate improvements
in both latency and choice accuracy at an acceptable cost.
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