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ABSTRACT

Query Plan Representation (QPR) is central to workload model-
ing, with various deep-learning based architectures proposed in
the literature. Our work is motivated by two key observations:
(i) the research community still lacks clarity on which model, if
any, best suits the QPR problem; and (ii) while transformers have
revolutionized many fields, their potential for QPR remains largely
underexplored. This study examines the strengths and challenges
of Graph Transformers for QPR. We introduce a new taxonomy that
unifies deep-learning based QPR techniques along key design axes.
Our benchmark analysis of common QPR architectures reveals that
Graph Transformer Networks (GTNs) consistently outperform al-
ternatives, but can degrade under limited training data. To address
this, we propose novel data augmentation techniques to enhance
training diversity and refine GTN architectures by replacing ineffec-
tive language-model-inspired components with techniques better
suited for query plans. Evaluation on JOB, TPC-H, and TPC-DS
benchmarks shows that with sufficient training data, enhanced
GTNs outperform existing models for capturing complex queries
(JOB Full and TPC-DS) and enable the query embedder trained on
TPC-DS to generalize to TPC-H queries out of the box.
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1 INTRODUCTION

Machine learning for data analytics systems has become a central
topic in both the research community and industry. In this evolving
landscape, a key challenge is modeling the workload in a data
analytics system. While early solutions often relied on a black-box
approach, treating the query workload as an opaque function [40, 78,
89, 98, 100, 101], more recent methods adopt a white-box approach,
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leveraging explicit query plan representations [9, 25, 47, 48, 52, 53,
55, 87, 91, 102]. This paper focuses on the white-box approach as
it provides richer insights into query properties, enabling broader
applications such as cardinality estimation [38, 61, 67, 86, 102];
query performance prediction [25, 55, 74, 87, 102]; knob tuning
and cost-performance optimization [47, 48, 91]; and query plan
improvement [3, 9, 10, 52, 92, 105].

At its core, the query plan representation (QPR) problem can be
divided into two questions: how to encode each node of a query
plan (node encoding); and how to encode the structure of the plan
(structure encoding) to capture the interactions between nodes and
aggregate all the plan information into a final plan representation
(a single numerical vector for the query plan). Finally, the plan
representation is passed to a downstream task. For example, the
task of cardinality estimation [38, 61, 67, 86, 102] or query latency
estimation [47, 48, 87, 91] can be modeled by a regressor using
the plan representation and other relevant information (e.g., data
properties and system knobs) to make the final prediction.

While many techniques exist for query plan representation, our
work in this paper was motivated by two key observations:

Lacking Understanding of Model Differences. Existing research
has explored a range of plan representation techniques, from Tree
Recurrent Networks [25, 55] to Tree LSTMs [74, 95, 96] to Tree
Convolutional Networks [3, 10, 11, 52, 54, 92, 105] to Graph Con-
volutional Networks [87, 91]. However, the community lacks a
clear understanding of which model, if any, is the most suitable
for query plan representation. The latest benchmark paper [103]
offers two findings: (i) Node encoding plays a crucial role in model
performance, and including a rich set of features—such as predi-
cate encoding and cardinality estimates—is a strong default choice.
(i) Structural encoding has a relatively minor impact on perfor-
mance. However, an important question remains unanswered: why
does structural encoding contribute so little to performance, espe-
cially for complex query plans? Is it really true that the different
methods of capturing node interactions and aggregating them into
the final representation lead to similar performance outcomes? This
gap in understanding forms a central motivation for our work.

Unproven Potential of Transformers. Concurrently, transformer
architectures have revolutionized multiple fields including natural
language processing (NLP) [7, 12, 80], computer vision [14, 44], and
molecular modeling [31, 68]. In all of these domains, transformers
have demonstrated remarkable success and superior performance
over traditional architectures such as Convolutional Neural Net-
works (CNNs) and Graph Neural Networks (GNNs). Given trans-
formers’ ability to capture long-range dependencies and contextual
interactions, recent studies have begun exploring their application
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to query plan representation, including Tree Transformers [102]
and Graph Transformers [47, 48]. However, a fundamental question
remains unaddressed: Are transformers—originally designed for
language modeling—truly well-suited for query plan representa-
tion? While their self-attention mechanism could offer advantages
in capturing hierarchical structures, there is still no in-depth analy-
sis of whether they outperform existing models in the QPR domain.
Understanding transformers’ strengths, limitations, and practical
applicability to QPR remains an open question.

Our study in this paper unfolds the potentials and challenges of
graph transformers for query plan representation. We begin with
a new taxonomy of deep-learning based QPR techniques, which
unites all of them via several key design axes. Then we perform
a benchmark analysis of these techniques using the JOB, TPC-
H, and TPC-DS workloads. Our analysis extensively covers the
major architectures used in the literature, including Tree Recurrent
Networks (TRN) [25, 55], Tree LSTM (TSLTM) [74, 95, 96], Tree
CNN (TCNN) [3, 10, 11, 52, 54, 92, 105], Tree Transformer Network
(TTN) [102], Graph Convolutional Network (GCN) [87, 91], and
Graph Transformer Network (GTN) [47, 48]. Our analysis reveals
that for structure encoding, model differences do exist and Graph
Transformer Networks (GTNs) provide stable, superior performance
over other alternatives. However, when the test queries change from
the same distribution as the training data (in-distribution) to new
plan structures never seen during training (out-of-distribution), all
models exhibit a severe loss of performance. The performance gap
between in-distribution (ID) and out-of-distribution (OOD) queries
poses a major challenge to all models and blocks the GTNs from
reaching its full potential. To reduce the gap between ID and OOD
queries, we introduce two novel techniques to augment GTNs:

Training Data Augmentation. Our work is inspired by re-
cent machine learning practices for domain-specific models [4, 75],
where limited training data can be enhanced with carefully crafted
synthetic data to boost model performance. However, the challenge
in our setting is generating synthetic queries that fill the "gaps" in
the embedding space of GTNs—areas where the model struggles to
generalize due to limited training data, (a.k.a., epistemic uncertainty
of the model). This is a non-trivial problem because no inverse
mapping from the vast, sparse regions of the embedding space to
valid SQL queries exists. In our work, we explore two approaches:
(i) using LLMs to generate synthetic queries that are maximally
distinct from the existing training set; (ii) using database technology
to generate synthetic, random queries with varied join structures
and predicates, via sampling the schema and column statistics.

Enhanced GTN Architectures for Query Plans. We then
dive deeper into understanding whether the Transformer archi-
tecture [80], initially designed for the language technology, is the
best fit for SQL query plans. Our analysis reveals that (i) the trans-
former’s positional encodings, crucial for understanding languages,
bring noise to query plan representation; (ii) the transformer’s
self-attention mechanism, the dominant form of capturing interac-
tions among different units (e.g., words in the language) is not an
ideal fit for capturing interactions between operators (nodes) in
query plans. Therefore, we propose novel GTN architectures to best
encode query plans, i.e., removing position encodings and using
learnable attentions among operators.

In summary, we make the following contributions in the paper:

e We introduce a new taxonomy that unites all major deep learn-
ing architectures for query plan representation (QPR) and posi-
tions each technique precisely in the design space, enabling a
clear understanding of how they relate to each other (Section 3).

e We perform a benchmark analysis of common QPR architec-
tures, showing that GTNs provide stable, superior performance
over other alternatives (Section 4).

e We propose new data augmentation methods to diversify train-
ing data and reduce the gap with unseen test queries, hence
unlocking the potential of advanced models (Section 5).

e We then propose enhanced GTN architectures that replace in-
effective language-model-inspired components with new tech-
niques specifically tailored to query plans. We further reveal
that enhanced GTNs better suit complex, long-running queries
than GCN, TTN, etc., due to context-aware attention and
effective information flow within query plans (Section 6).

We evaluated modeling techniques for out-of-the-box perfor-
mance (i.e., test queries are seen the first time), using Spark SQL
on JOB, TPC-H, and TPC-DS. (1) As existing training sets for these
workloads are insufficient for OOD, our data augmentation tech-
niques generate diverse training data and significantly improve
OOD performance. (2) Under sufficient training data (JOB Light),
our enhanced GTN can significantly reduce the gap between ID and
OOD queries. (3) For complex queries (JOB Full and TPC-DS), our
enhanced GTNs outperform GCN, TTN, etc. due to context-aware
attention and effective information flow. (4) For TPC-H, treated as a
hold-out set for transfer learning, our results show that the GTN
query embedder trained on TPC-DS captures TPC-H queries out-of-
the-box (zero-shot learning). Moreover, with these representations,
only a small fraction of TPC-H observations is needed to train an
effective regressor for query latency prediction (few-shot learning).

A final contribution of our paper is high-quality training sets for
JOB and TPC-DS: (i) Our Spark SQL query sets exhibit lower perfor-
mance variance than prior PostgreSQL datasets [103] due to better
resource isolation, offering a more reliable testbed for model evalu-
ation. (ii) We provide 47K synthetic, random training queries (1039
join signatures) for JOB, and 50K parameterized TPC-DS queries
augmented with 55K synthetic queries (5518 join structures).

2 RELATED WORK

Workload modeling is a central topic in ML for analytics systems.
Black-box approaches. These methods treat queries or work-
loads as opaque functions that are refined via iterative exploration,
e.g., using Gaussian Process (GP) or Bayesian Optimization (BO).
OtterTune [78], iTuned [15], and OpAdviser [101] build workload-
specific GP models, while PACE [98] builds separate GP models to
optimize query performance over multiple rounds. GPTuner [33]
harnesses DBMS manuals with a Large Language Model to guide
knob tuning. ResTune [99] accelerates GP training through meta-
learning, and Tuneful [19] narrows the search to influential knobs.
LOCAT [89] adapts GP tuning to data size changes in Spark, whereas
Li et al. [40] apply BO with a meta-learner for periodic Spark jobs.
Finally, OnlineTuner [100] uses contextual BO with “safe” explo-
ration policies. Although these black-box approaches are effective
in many settings, they do not leverage explicit query plan represen-
tations that yield richer query insights and broader applications.



Cardinality estimation. Accurate cardinality estimation de-
pends heavily on how query plans are represented, particularly in
capturing operator information like table joins, filter conditions, and
their interactions. Traditional methods [23, 37, 39, 63, 64] that rely
on histograms or sample-based estimation often struggle with com-
plex data patterns. Data-driven methods such as CloudCard [84],
NeuroCard [93, 94], BayesCard [88], DeepDB [26], FLAT [106], and
UAE [85] learn data distributions operator by operator through neu-
ral or Bayesian networks, yet they tend to be restricted to certain
query patterns and seldom generalize to broader ML for data ana-
lytics (ML4DA) tasks. The multi-set convolution network (MSCN)
approaches [32, 60, 61, 86] represent query plans as flat vectors
by concatenating table, join, and predicate features, then averag-
ing over these elements. FACE [83], Fauce [42], JGMP [67] and
ALECE [38] apply similar flat-vector encodings with more elab-
orate feature engineering for predicates and joins. While simple,
these flat representations oversimplified structural information and
can yield suboptimal performance on complex queries. Addressing
this, QueryFormer [102] introduces a Tree Transformer Network to
embed query plans more effectively, and can be extended to other
MLA4DA tasks such as index selection and query optimization.

Performance prediction and cost-performance optimiza-
tion. Effective performance tuning and cost-performance optimiza-
tion critically rely on accurate cost-performance models, which
in turn depend on a query plan’s representation. Heuristic cost
models [29, 36, 66, 71, 82] approximate performance through sim-
plified closed-form or operator-level rules. Recent learning-based
approaches closely encode the query plan structure to predict
query latency, exploring a wide range of architectures: Tree Re-
current Networks [25, 55], Tree LSTMs [74], Tree Transformer
Networks [41, 102] and Graph Convolutional Networks [87]. Sim-
ilar ideas have been adapted for knob tuning [72, 91] and cost-
performance optimization [47, 48], incorporating Graph Trans-
former Networks [16] to capture more complex structural depen-
dencies. Despite the variety of models used, the differences among
them are not well understood. In particular, the latest benchmark
paper [103] concluded that the model differences are not significant,
and our paper will revisit this issue with an in-depth analysis.

Query optimization. Query optimization tasks in traditional
databases—including plan improvement, index selection, and view
selection—also benefit from robust query plan representations.
BAO [52], NEO [54], Lero [105], LEON [10], Balsa [92], BASE [11],
AutoSteer [3], Balsa [92], RTOS [96], HybridQO [95], ROGER [9]
and PerfGuard [28] embed query plans as fixed-size vectors through
tree-based or graph-based encoders to guide plan refinement. Mean-
while, AIMeetsAlI [13] and AVGDL [97] flatten query plans for index
and view selection, respectively. These prototypes are primarily de-
veloped in PostgreSQL to validate their feasibility and performance.
In big data systems like Spark, however, there is less emphasis on
indexes and query plans are mainly improved during execution
with the support of adaptive query execution [18, 47, 90].

3 PROBLEM AND SYSTEM OVERVIEW

In this section, we formally define the problem of query plan rep-
resentation, further divide it into several technical questions, and
finally present a comprehensive taxonomy of existing solutions.

1. Query Plan Embedder 2. Downstream Task
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Figure 1: System overview. Node encodings x are defined in Sec-
tion 3.2, positional encodings A in Section 6.1.

3.1 Problem Statement

Let G = (V,E) be a query plan, where V is the set of relational
operators and E the set of edges between them. In our work, we
consider a query plan as a graph because in big data systems like
Spark, an operator’s output can be reused by multiple downstream
operators (e.g., a scan operator serving as input for a self-join),
resulting in a directed acyclic graph instead of a strict tree structure.

Our task is divided in two parts: (i) learn a representation of the
query plan z = ¢(G), where ¢ : G - RY, called a plan embedder;
and (ii) use the representation to assist in a downstream task.In a
database or big data system, typical downstream tasks include cardi-
nality estimation, query performance prediction, cost-performance
optimization, and query plan refinement. Among them, the latest
benchmark paper [103] shows that the most challenging task, from
a query plan representation perspective, is query performance
prediction (QPP). It is because this task needs to capture all the
operator behaviors, interactions among themselves, as well as their
interactions with the system environment (e.g., resources available
and other system knobs) to predict query latency. For this reason,
our paper studies the query plan representation problem in the
setting of QPP as the downstream task.

Figure 1 gives an overview of our system, including (1) a query
plan embedder, (2) prediction for the downstream task, QPP, and (3)
training data augmentation, which is optional but can boost model
performance. We review key techniques for these steps below.

3.2 Node Encoding

The goal of the plan embedder ¢ is to generate a vector z € R that
is representative of the query plan G. To begin with, we first derive
a numerical representation x of each node v € V. This represen-
tation, called a node (operator) embedding, can be obtained by
concatenating several features, eg.,

X = [xtype [E ”xpred |ES¥ ”xbitmap]

where || is the concatenation operator. We now describe the different
features, which align with state-of-the-art approaches [102, 103].
(1) type. We employ one-hot encoding to represent the operator
type. Each operator type is mapped to a fixed-length dummy vector.
(2) cbo. This feature captures the cardinality estimates from the
Cost-Based Optimizer (CBO), including the estimated number of
input records and their total size (in bytes). Both quantities are
treated as numeric values, and augmented by their logarithmic
transformations to better capture their distributions.



Table 1: Taxonomy of query plan embedders

Method Positional encoding Neighborhood Update mechanism Information flow Final representation
TRN [55] - direct children neural network recurrent root node representation
TLSTM [74] - direct children LSTM gates recurrent root node representation
TCNN [54] - direct children tree convolution layer-wise maximum pooling

TTN [102] height encoding all descendants self-attention layer-wise super node

GCN [87] - direct children graph convolution layer-wise root node representation
GTN [47] Laplacian eigenvectors direct children self-attention layer-wise average pooling

LSTM-TTN [41] - all descendants (TTN)

LSTM & self-attention

recurrent & layer-wise ~MLP

(3) pred. We embed predicates using word2vec [58] trained on
training set predicates. We tokenize, remove stop words and special
characters, replace math symbols with reserved words, then average
the embeddings of remaining tokens.

(4) hist. We use histogram encoding from [102] for cardinal-
ity estimation. Database systems (e.g., Spark SQL) maintain equi-
depth histograms on columns. We re-bin all column histograms into
50 buckets and encode each predicate as a 50-dimensional vector,
where each value (0-1) indicates how well the bucket satisfies the
predicate. Multiple predicates on the same column are combined
(via union or intersection) based on their logical relationship.

(5) bitmap. We add cardinality estimation via bitmap encod-
ing [32, 74, 102]. We randomly sample 1000 tuples from each table
and construct a 1000-dimensional bit vector for each operator’s
column predicates, where each bit indicates whether the corre-
sponding tuple satisfies the predicates (1) or not (0).

Remarks. Some of the above features may be unavailable in
production (e.g., missing column statistics or unavailable samples
due to implementation constraints). Nonetheless, our work seeks
to characterize the “upper bound” of model performance by incor-
porating all techniques proposed in the literature, aligning with
ongoing industry efforts to enrich statistics for optimization.

3.3 Structure Encoding

The next step in the plan embedder ¢ is to generate a vector z € R4,
called a plan embedding, representative of the entire query plan G.
To this end, most plan embedders capture the interactions between
relevant nodes and then aggregate all the information into a final
plan representation z. We outline below the popular deep learning
plan embedder architectures for doing so.

Tree Recurrent Network (TRN) [25, 55] builds separate neural
units for different operators and connects them along the structure
of the query plan. Information flows from child operators to their
parent, enabling the model to capture operator-level correlations
and produce a final plan embedding at the root operator.

Tree LSTM (TLSTM) [74, 95, 96] represents the entire query us-
ing the hidden state of its root node, which is recursively updated
along the tree structure via a tree variant of the LSTM network [76].

Tree CNN (TCNN) [3, 10, 11, 52, 54, 92, 105] learns parent and
children relations in the query plan and generate the plan repre-
sentation by (1) binarizing the plan tree, (2) sliding a set of shared
triangular filters (parent, left child, right child) over the tree, and
(3) aggregating operator features via dynamic pooling.

Tree Transformer Network (TTN), QueryFormer [102], gener-

alizes transformers to tree-structured query plans by encoding
operator height and computing attention between nodes and their
children. A “super” node links all operators to provide a global plan

embedding. A variant (LSTM-TTN) [41] removes height encoding
and initializes operator embeddings using LSTM based on topolog-
ical order, then applies similar attention. The final representation
averages node features through a fully connected network.

Graph Convolutional Network (GCN) [87, 91] employs convolu-

tional operations on graph-structured data to aggregate neighbor-
hood features and capture both local and multi-hop dependencies in
query plans. By stacking multiple layers, it integrates information
across the plan, yielding a final embedding for downstream tasks.
Graph Transformer Network (GTN) [9, 47, 48] extends the trans-
former to graph data by combining Laplacian positional encodings
of nodes, self-attention among nodes, and multi-head attention.
These methods enable the model to capture long-range operator
dependencies, resulting in a richer query plan representation.
Taxonomy of Plan Embedder Architectures. We next pro-
pose a comprehensive taxonomy to enable a better understanding
of the relationships between the embedder models. In essence, deep
plan embedders use multiple layers to compute hidden representa-
tions for each node in the graph, then apply a final layer to extract
a vector out of the graph. Each layer in a query embedder can be
interpreted along the following five axes, as summarized in Table 1.
Positional encoding. In the original transformer architecture

[80], positional encodings enrich token features, ensuring that the
same token has different features depending on its position in a
sentence. Transformers-based architectures (TTN, GTN) follow the
same practice. TTN encodes the position of the node as the longest
path of the node to one of the leaves [102], while GTN encodes the
position using the Laplacian eigenvectors of the graph [16].

Neighborhood. Since operators only impact downstream opera-
tors in query plans, embedders fall into two groups: those transfer-
ring information to direct children (TRN, TCNN, TLSTM) versus
all descendants (TTN, LSTM-TTN). While graph-based approaches
like GTN can theoretically attend to all nodes, they use only direct
children to reduce computational complexity and leverage graph
structure [16]. Figure 2(a) shows the neighborhood (green nodes)
used by GTN to update the blue node. The neighborhood per layer,
combined with the number of layers, determines the information
flow (which we will explain shortly).

Update mechanism. Update mechanisms are functions that take
as inputs a node and its neighbors (based on the neighborhood
definition above), and output a new representation. They can be
divided into two main classes: recurrent (TRN, TLSTM, LSTM-TTN)
and non-recurrent (TCNN, TTN, GCN, GTN) approaches.

In recurrent approaches, the inputs are processed sequentially.
When the last node of the plan is processed, the model weights are
supposed to have captured knowledge of all the nodes in the plan.
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For example, LSTM-based approaches (TLSTM, first part of LSTM-
TTN) use several gates (matrix multiplications) to produce rich
representations for each node [27]. While recurrent-based models
can theoretically capture long-range dependencies [27], in practice,
they suffer from the vanishing and exploding gradient problem,
which blocks the flow of information [62].

In contrast, non-recurrent approaches process all the nodes in
parallel, and use the model weights to detect the same patterns on
different nodes. They can be further divided into two families.

Convolution (TCNN, GCN) approaches are context-agnostic:
convolutional filters apply matrix multiplication and non-linear ac-
tivation [34]. The same filter weights are reapplied across all nodes
to detect similar patterns, sharing learned features throughout the
plan irrespective of node location.

Attention (TTN, GTN) approaches are context-sensitive and
subsume convolutional filters, using context (e.g., neighbors, node
position) to compute representations. The dominant form is self-
attention, popularized by transformers [80], which computes sim-
ilarity scores between nodes to weight how much each neighbor
contributes to a node’s updated representation. Figure 2(b) shows
an example of self-attention in a query graph. Self-attention will
be discussed in detail in Section 6.

Information flow across layers. For non-recurrent models (TTN,
TCNN, GCN, GTN), neighborhood and layer count determine infor-
mation flow distance. For example, a GTN with four layers attending
only to children can transmit information at most four hops away.
Figure 2(c) shows that after 3 layers, the selected node receives
information from all ancestors (red arrows). However, adding more
layers to capture longer range dependencies causes oversmoothing,
where nodes from different classes become indistinguishable [8].

Final representation. After passing through the model layers,
node representations are aggregated to form the plan representation.
(1) Recurrent approaches (TRN, TLSTM) use the last processed node,
which contains information from the entire plan [55, 74]. (2) Non-
recurrent approaches use pooling (TCNN, GTN)—averaging node
representations or selecting salient features—or advanced methods
(TTN) using super nodes that attend to all other nodes [21], or
MLPs for final representation (LSTM-TTN).

3.4 Effective Training Strategies

In this section, we consider a range of training strategies to effec-
tively train the plan embedder with its downstream task.
Training from Scratch. The plan embedder outputs a vector
representation of the query plan, z = ¢(G). Take QPP as a down-
stream task. The plan representation z is passed to a regressor,

(b) Update mechanism (c) Information flow

implemented as a multilayer perceptron (MLP), that takes the plan
z, a system configuration 0 consisting of all tuneable parameters
that control resources and runtime behaviors, and a data encoding
a capturing the input data characteristics. The task is to learn the
prediction y = ¥(z, 0, @). Given a training set of query plans {G;}
with their latency observations {/;}, we can train the plan embed-
der ¢(G) and regressor ¥(z, 6, @) jointly through backpropagation.
This follows the training strategy used in foundation models [5].

Data Augmentation. There are cases when an application does
not have sufficient data for training the plan embedder with the
regressor. Consider two settings in evaluating the trained models:
(i) In-distribution (ID), where the test queries are drawn from
the same distribution as the training set, e.g., with modest changes
of the predicates; (ii) Out-of-distribution (OOD), where the test
queries are drastically different from the training set, e.g., a new
query structure that was never seen in training. A trained model
may incur a significant increase in error from ID to OOD evaluation,
as the training data does not allow it to generalize to unseen query
structures. To tackle this issue, our work provides several data
augmentation methods (Section 5) to enrich the training set with
synthetic queries that diversify the predicates and query structures,
offering the potential to reduce the OOD error.

Transfer Learning. In the third training strategy, which is the
ideal but is the hardest to achieve, we hope that for the applications
without sufficient training data, a pre-trained model from other
domains will work “out-of-the-box”, meaning that it understands
the query plans in this new domain despite being trained in other
domains (zero-shot learning). Further, the derived plan represen-
tations can be used to support the downstream task with limited
observational data (few-shot learning). Our approach differs from
existing zero-shot learning work [25] in that: (i) we use much richer
node encodings; (ii) we use a GTN approach for structure encoding,
whereas the prior work used a TRN approach. In later evaluation,
we reserve TPC-H as this new domain and show the effectiveness
of transferring the model trained on TPC-DS to TPC-H.

4 INITIAL BENCHMARK ANALYSIS

In this section, we present an extensive benchmark analysis of
model structures and operator encoding methods using the QPP
task, highlighting new findings that differ from prior work [103].

4.1 Experimental Setup

We use the Join Order Benchmark (JOB) [35], TPC-H [2], and TPC-
DS [1] benchmarks in our analysis. In addition, we use Spark SQL
as the execution engine—as we shall show shortly, resource iso-
lation in Spark allows us to collect datasets with less variance in
query runtime than in the previous model benchmark study using
PostreSQL [103], hence enabling more stable model performance
results. More specifically, the training set and test sets, for both
in-distribution (ID) and out-of-distribution (OOD) evaluation
are collected for each benchmark as follows.

JOB [35] is derived from an IMDB dataset of 2.5 million movie
titles and includes 113 multi-join queries (up 16 joins). To enable
training, Kipf et al.[32] generated three subsets: Train with 6 tables,
100,000 queries with up to 2 joins; Synthetic with 5,000 queries of
up to 2 joins; and Light with a subset of 70 JOB queries of up to



4 joins, using star joins on the title table and simplified predicates.
We divide Train 90%/10% into training/validation sets. We then test
on Synthetic for ID performance; on Light for OOD performance
when train and test queries have somewhat comparable complexity
(except from 2 to 4 joins), denoted as OOD1; and on the full 113
queries, JOB Full, for OOD performance when some of the test
queries are significantly more complex than Train (up to 16 joins
and using complex predicates), denoted as OOD2.

TPC-H and TPC-DS. TPC-H contains 22 queries with relatively
simpler joins and aggregations, whereas TPC-DS has 102 queries in-
volving more complex multi-joins, window operations, subqueries,
and aggregations. Following previous studies [47, 55, 102, 103],
we use each TPC-H or TPC-DS query as a template and generate
50,000 parameterized queries per benchmark. The ID experiments
use stratified sampling so each query template appears in both train-
ing/validation (80%/10%) and test (10%) splits. OOD experiments
partition the 22 TPC-H and 102 TPC-DS templates into 10 folds
each, holding one fold out as the test set and using remaining folds
for training and validation, with results averaged over all 10 folds.

Modeling Target. Across three benchmarks, to run each query,
we randomly sample a Spark configuration using Latin Hypercube
Sampling [57] across 19 parameters [47] (denoted as 6 in the previ-
ous section), which control resource allocation, runtime context,
and query optimization. Our goal is to predict the end-to-end la-
tency of these queries based on the logical query plan, the chosen
Spark configuration, and data statistics. We compare different plan
embedder approaches via a multilayer perceptron (MLP) regressor
that predicts query latency based on the plan representation and
other parameters stated above (see Appendix A.1 for details).

Metrics. Prediction accuracy is measured by (i) weighted mean
absolute percentage error (WMAPE), which weights the APE of
each query by the ratio of its latency over the entire latency distribu-
tion and is our actual training loss; (ii) the 50th and 90th percentiles
of weighted absolute percentage error (WAPE), emphasizing long-
running queries; and (iii) Q-Error [59] defined as the maximum
ratio error between the true y and predicted values 7, max(%, %)
with reported values of its mean and the percentiles (P50, P90, P99,
and max) for capturing the tail performance. The Q-Error enables
a direct comparison with the previous Q-Error based study [103].

Hardware. All experiments were conducted on two 6-node
Spark 3.5.0 clusters, where each node runs CentOS and has two 16-
core Intel Xeon Gold 6130 processors, 768 GB RAM, and 100 Gbps
Ethernet. 20 nodes of the above setup were used to train models.

4.2 Model Comparison

We first benchmark structure encoding methods on JOB, TPC-H,
and TPC-DS, while fixing the node encoding method using all the
features in Section 3.2. We compare 7 recent query embedding meth-
ods (Section 3.3): TRN [55], TLSTM [74], TCNN [54], TTN(QF) [102],
LSTM-TTN [41] (which is our best-effort implementation as the
original code is not publicly available), GCN [87], and GTN [47].

In-Distribution Performance. We first examine in-distribution
(ID) performance in Table 2, where the test queries are drawn from
the same distribution as the training set.

Model Comparison. We first consider the WAPE metrics for
model comparison as they directly relate to the training loss. First,

TRN [55] and LSTM-TTN [41] exhibit consistently worse perfor-
mance than the others. For example, on TPC-DS, TRN’s WMAPE is
0.467 and LSTM-TTN’s WMAPE is 0.419, while other methods are
in the range of 0.163-1.180. Similar significant gaps can be observed
for the P90 WAPE metric. Second, TLSTM’s performance is not sta-
ble: it exhibits poor performance for JOB, but better performance
for TPC-H and TPC-DS. Third, the remaining four methods, TCNN,
TTN, GCN, and GTN are closer in performance, with GTN consis-
tently outperforming its peers: GTN dominates TCNN for 20 out of
21 metrics reported while being very close for the one metric with-
out dominant performance. The same observation could be made
for GTN’s dominance over GCN. GTN and TTN are even closer in
performance, but in most cases, GTN provides the best performance
and exhibits close approximation in a few other cases when TTN
is better. As such, we see that in the ID setting, GTN provides
the overall best performance across the LSTM, convolutional,
and transformer families (R1, denoting major result 1).

Workload Complexity. We observe that workload complexity
varies considerably. TPC-DS yields the highest WMAPE (0.163-
0.467), hence the hardest, followed by TPC-H (WMAPE 0.111-0.360)
and JOB (WMAPE 0.057-0.251).

Latency distributions are heavily skewed, with GTN’s WMAPE
double its P50 WAPE due to a small number of long-running queries.

Out-of-Distribution (OOD) Performance. We report OOD per-
formance in Table 3, where test queries are drawn from the tem-
plates not seen in training. Here, we focus on the 4 leading models
based on the ID performance: TCNN, TTN, GCN, and GTN.

Large Gaps between ID and OOD Performance. First, for TPC-
H, all models exhibit severe performance degradation. The root
cause is that TPC-H’s OOD results are statistically unreliable due
to having only 22 query templates. This entails highly unrepre-
sentative test sets, i.e., the two hold-out test templates are poorly
represented by the other 20 templates in training, hence large errors
(e.g., WMAPE > 0.699). For this reason, we omit TPC-H here and
reserve it exclusively for a later study using transfer learning.

For other workloads with more templates in training, we observe
consistently that all models degrade OOD performance signifi-
cantly from the respective ID performance (R2). For JOB Light,
the best ID WMAPE (0.057) and P90 WAPE (0.114) degrade by 2.5-
3.2X to 0.140 and 0.363 in OOD performance. For JOB Full, the best
ID WMAPE and P90 WAPE degrade by a factor of 6.4-6.7x in OOD
performance. This larger degration is due to the fact that JOB Full
includes much more complex patterns, including up to 16 joins and
complex predicates, that do not exist in training data. Finally, for
TPC-DS, the best ID WMAPE (0.163) and P90 WAPE (0.336) nearly
triple, indicating that 90% of 102 TPC-DS tempates are not enough
for generalizing to the 10% unseen templates.

Model Comparison. GTN has the best OOD performance, in
WMAPE, on the two complex workloads, i.e., JOB Full and
TPC-DS (R3). Other models suffer from worse performance for at
least one of the two workloads: TCNN and TTN lose performance
on TPC-DS, while GCN loses on JOB Full.

Performance Stability. We further compare our Q-Error metrics
(obtained from Spark SQL queries) with those reported on Post-
greSQL in a recent study [103]. For the JOB benchmark, TTN [102]
(from the authors of [103]) achieves a P99 Q-Error of 1.417 (ID) and



Table 2: In-distribution (ID) performance of query embedding methods on JOB Synthetic, TPC-H, and TPC-DS datasets.

‘ ‘ Weighted Absolute Percentage Error (WAPE) ‘ ‘ Q-Error
JOB Synthetic (ID) TPC-H (ID) TPC-DS (ID) JOB Synthetic (ID) TPC-H (ID) TPC-DS (ID)
Mean P50 P90 Mean P50 P90 Mean P50 P90 P50 P90 P99 Max P50 P9@ P99 Max P50 P9@ P99 Max
TRN 0.251 0.163 0.596 0.360 0.132 0.814 0.467 0.180 1.004 1.209 1.677 2.816 4.837 1.259 1.978 3.577 6.866 1.342 2.442 7.771 29.96
LSTM-TTN 0.185 0.077 0.489 0.235 0.088 0.584 0.419 0.157 0.930 1.090 1.473 2.329 3.779 1.151 1.860 3.076 9.848 1.323 2.530 7.792 41.51
TLSTM 0.195 0.085 0.522 0.111 0.045 0.246 0.164 0.074 0.337 1.099 1.508 2.337 4.655 1.078 1.244 1.745 4.868 1.130 1.405 2.085 15.60
TCNN 0.064 0.033 0.129 0.112 0.046 0.241 0.171 0.076 0.348 1.038 1.118 1.459 3.251 1.076 1.266 1.757 5.282 1.132 1.437 2.124 1537
TTN(QF) 0.057 0.031 0.115 0.127 0.049 0.270 0.168 0.072 0.342 1.035 1.104 1.417 2.934 1.085 1.307 1.872 5.886 1.126 1426 2.105 16.29
GCN 0.061 0.032 0.133 0.113 0.045 0.240 0.180 0.075 0.340 1.037 1.117 1.432 2.962 1.076 1.257 1.758 5.576 1.130 1.417 2.163 16.40
GIN 0.057 0.032 0.114 | 0.111 0.045 0.235 | 0.163 0.073 0.336 1.036 1.106 1.413 2.844 1.077 1.250 1.725 4.648 | 1.126 1.416 2.074 10.01
Table 3: Out-of-distribution (OOD) performance of query embedding methods on JOB Light, JOB Full, and TPC-DS datasets.
‘ ‘ Weighted Absolute Percentage Error (WAPE) ‘ ‘ Q-Error
JOB Light (OOD) JOB Full (OOD) TPC-DS (OOD) JOB Light (OOD) JOB Full (OOD) TPC-DS (OOD)
Mean P50 P90 Mean P50 P90 Mean P50 P90 P50 P92 P99 Max P50 P92 P99 Max P50 P92 P99 Max
TCNN 0.141 0.069 0.363 | 0.418 0.300 0.729 0.542 0.237 1.296 1.087 1.380 1.898 2.021 1.501 2.381 6.309 7.973 1.385 2.816 6.005 22.41
TTN(QF) 0.140 0.072 0.367 0.391 0.208 0.782 0.520 0.249 1.227 1.089 1.362 1.842 2.156 1.334 2.283 3.401 6.680 1.432 3.298 7.638 26.27
GCN 0.148 0.066 0.395 0.436 0.280 0.933 0.479 0.201 1.159 1.084 1364 1.929 2.191 1.519 2.470 5.117 10.89 1.349 2.551 5.114 15.97
GTN 0.151 0.090 0.387 0.384 0.228 0.824 | 0.456 0.199 1.056 1.098 1.377 1.834 2.138 1.354 2.252 4.072 9.722 1.320 2.458 5.203 19.70

1.842 (OOD) on our Spark SQL dataset, compared to 13.05 (ID) and
176.6 (OOD) on PostgreSQL—9.5%x and 95.9% higher, respectively.
The authors of [103] attributed their high errors to the high vari-
ance in query performance caused by resource contention. Our
stable performance demonstrates the value of our Spark SQL
datasets (R4), with better resource isolation and less variance of
query performance, hence more suitable for model performance
analysis than the prior PostgreSQL datasets [103].

Node Encoding Comparison. We finally take GTN as the default
model structure and compare different feature combinations for
node encoding. We confirm that using all operator features is the
most robust choice in both ID and OOD settings, consistent with
the results reported in [103]. See details in Appendix A.2.

In summary, GTN stands out as the most robust model structure
across different datasets and ID/OOD scenarios. Therefore, we focus
on GTN in the following sections to devise new techniques.

5 DATA AUGMENTATION

As our analysis has shown, a salient challenge in query plan repre-
sentation is that the model learned from the training set may fail
to generalize to the test set, a phenomenon known as the out-of-
distribution (OOD) behavior. In data analytics environments, the
system may frequently encounter “unfamiliar” queries with remark-
ably different plan structures or operators from historical traces,
and the model is unable to generalize. The literature on uncer-
tainty [30, 50] refers to this type of model behavior as epistemic
(knowledge or systematic) uncertainty, resulting from inadequate
knowledge about the true underlying patterns (e.g., due to sparse
regions in query modeling). Figure 3 illustrates a scenario where
OOD queries exhibit high epistemic uncertainty, reflected by large
WMAPESs. Queries with higher errors deviate significantly from
the training data points (blue points), whereas queries with smaller
errors show greater overlap with the training points. This exam-
ple underscores the need for data-driven solutions to reduce these
knowledge-related deficits.

In this section, we introduce approaches to augmenting exist-
ing training data with synthetic queries to reduce the discrepancy

between in-distribution (ID) and OOD scenarios. We explore ap-
proaches that have the potential to fill the void of the model embed-
ding space, enabling the model to better interpolate in the embed-
ding space. This aligns with the latest ML practices, where under
limited training data, models are boosted using carefully crafted
synthetic data [4], but in the new setting of query embedding space.

5.1 Diverse Queries via LLMs

Large Language Models (LLMs) [65] have shown promise in nat-
ural language (NL) to SQL query generation and database tuning
using manuals [20, 33, 43, 77]. Based on the hypothesis that LLMs
understand the SQL syntax, we push them to the more challenging
task of “generating the most diverse queries from the existing queries”,
e.g., from TPD-DS queries. This task is harder than NLtoSQL trans-
lation for several reasons: (i) NL2SQL typically involves pattern
matching against the training data of LLMs. In contrast, generat-
ing diverse queries means not just reproducing similar queries but
intentionally varying the structure and operators from the given
TPC-DS query set. (ii) The LLM model must maintain syntactic
correctness while generating queries that are novel and diverse.
Therefore, it cannot be based on modifying existing queries slightly.
(iii) Generating diverse yet meaningful queries also requires deep
scheme comprehension beyond syntax. (iv) LLMs are prone to mode
collapse [22, 70], meaning that a generative model fails to produce
diverse outputs and instead generates repetitive, similar samples.
Achieving true diversity in query structure—different joins, filters,
aggregates, and subqueries—is a difficult optimization problem.

In our approach, we carefully instrument prompt engineering to
guide ChatGPT-4.0 in generating diverse query templates to miti-
gate epistemic uncertainty. Given the complexity of simultaneously
generating 1000’s of distinct SQL templates, we adopt an iterative
prompting procedure, as illustrated in Figure 4. Specifically, we first
prompt ChatGPT-4.0 to produce an initial batch of 10 distinct query
templates in Template Pattern Language (TPL) format, parameter-
ized explicitly to ensure diversity and validity. Subsequently, we
iteratively prompt for additional batches, each consisting of 10 dis-
tinct templates, until 1,000 templates are collected. During each
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Figure 3: Illustration of epistemic uncertainty using
00D queries (colored by TPC-DS query templates). The
legend shows the WMAPE per query template. Queries
with large errors deviate significantly from training
points, indicating insufficient training data coverage.

iteration, the newly generated templates are checked for syntactic
correctness and logical consistency, with any invalid templates dis-
carded or corrected. The post-filtering step removes templates that
fail to execute, followed by systematic parameterization to yield a
total of 6,000 executable queries for TPC-DS.

5.2 Synthetic, Random Query Generation

Given all of the abovementioned challenges to LLMs, we explore an
alternative approach that generates random queries from a given
schema. The idea is that if we randomly sample the query structures
permitted by the schema, we have a better chance of covering the
embedding space than any manually derived query set, like TPC-
DS. Given the large query space to sample, our synthetic query
generator focuses on the select-from-where block of SQL.

Join structure generation. Given a database schema, we translate
it to a complete join graph where each table is a node and each
(foreign key, primary key) pair is an edge. The generator performs
a random walk on this graph, starting from a fact table and guided
by two parameters, the maximum number of hops away from the
initial table and the probability of keeping an edge. It outputs a
new, unseen subgraph that serves as a unique join signature.

Predicate Generation. Given a join signature, we further generate
diverse column predicates (range, equality and IN-list) that can be
satisfied by the input data. For each predicate, we start by randomly
selecting a column. If we are to generate a range predicate, we
impose a minimum selectivity threshold and select a range of values
based on the histogram to guarantee the selectivity. For an equality
predicate, we impose a minimum relative frequency, and use most
common values (MCVs) to find a candidate (if present). A similar
process is applied to IN predicates, with additional elements drawn
from the histogram boundary values to achieve the desired list
length. Finally, we filter the query if it returns an empty set.

Encouraging Diversity. We encourage queries that cover a diverse
range of join output sizes. To do so, we initiate the random walk
under different parameter settings and bin the synthetic queries
based on the join output size. As we sample enough parameter
values, we apply stratified sampling over the bins to produce queries
with a (relatively) even spread across the join output size.

5.3 Filtering Synthetic Queries in GTN Space

Another potential solution is to directly generate queries that lie in
the low-density regions of the embedding space. However, graph
generation from the embedding space is a known hard problem in

° Knowledge and Correctness Review Prompting

“Review and confirm your understanding of typical TPC-DS
benchmark query structures. Ensure correctness, syntactic
validity, and logical coherence of these standard patterns.”

Diversity Instruction Prompting

“Generate new SQL query templates distinctly different from
common TPC-DS patterns by introducing varied join patterns,
complex nested subqueries, unusual aggregations,
unconventional predicates, or less frequent query constructs.”

Initial Generation Prompting

“Generate the first batch of exactly 10 distinct and diverse
query templates in TPL (Template Pattern Language) format.
Insert parameter placeholders systematically instead of
concrete literals, clearly defining parameter types or valid
value ranges. Order these templates numerically (e.g., TPL-
000, TPL-001, ..., TPL-009). Package these 10 templates into a
zip file and provide a download link.”

Figure 4: The iterative prompt engineering procedure to generate diverse TPC-DS
query templates.

Iterative Generation Prompting

“Now generate another batch of exactly 10 additional query
templates distinct from existing known patterns (including your
previous generated ones), again formatted in TPL, systematically
using parameter placeholders with clearly defined types or value
ranges instead of specific literals or concrete constants. Continue to
carefully check for syntactic correctness and logical consistency.
Number the newly generated query templates consecutively (e.g.,
10-19, 20-29, etc.), wrap each batch of 10 templates into a zip file,
and provide the corresponding download link.

L TPL-990-TPL-998 (P> 4

TPL-010-TPL-019 (b
mmm)  TPL000-TPL00D (D

the ML literature, and the latest ML techniques, including varia-
tional flow methods, only manage to achieve it for two real world
applications, molecule generation [17, 104] and point-cloud denois-
ing [51]. In contrast, query plan graph generation requires complex
node features, which current methods cannot yet achieve.

Alternatively, we proposes an optimization that filters a large set
of synthetic queries via the GTN embedding space and selects those
the most distant from the training set, e.g., landing in the sparse
region. Its benefits include better balancing the training set between
sparse and dense regions, and improving training efficiency as
adding more queries to the dense region will not add much value.
For more details, see Appendix G.

6 ENHANCED GTN FOR QUERY PLANS

In this section, we identify GTN limitations and propose enhanced
architectures that replace language-model-inspired components
with techniques tailored for query plans.

6.1 Background on Graph Transformers

Following the taxonomy of Section 3.3, we review the graph trans-
former architecture for query performance prediction (QPP) as
illustrated in Figure 5. We explain node i’s update as a running
example, using single-head self-attention for simplicity.

A. Node and Positional encoding. Node encoding x; is en-
riched by positional encoding A; via a linear transformation Wj:
h;i = xj + Wy A;. Denote H as all enriched node encodings of a plan.

B. Update mechanism. Using the Transformer self-attention
computation [80], the updated representation for node i is given by

hi = [soﬁmax(QéT)]iv

where d is a scaling factor, Q, K, V are linear projections from H.
We break down the self-attention computation into several steps.
First, we define s;; as the dot product between vectors h; and h;:
sij = hi-hj. Then, we extract attention scores w;; by normalizing s;;
with a softmax operator w;; = exp(sij)/Xke n(i) €XP(Sik), Where
N (i) denotes the neighborhood of node i (in graph transformers,
only a subset of nodes). We then have hi = YjeN() WijWh;j.

Next, h; and fli are summed and normalized, i.e., we have h; =
Norm(h; +Ei). The normalization ensures that h; has features in the
same range as h; and hi. Finally, we obtain the output representation
B = Norm(MLP(h;)+h;) where the MLP combines multiple heads.
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Figure 5: Latency prediction with graph transformers

The skip connection (+) ensures that the output representation is
at least as informative as the intermediate representation.

C. Information flow. The update procedure described above
is performed for each layer of the graph transformer (except the
last one which will be described shortly). As the input h; pass
through the layers, its updated representation gradually includes
information about nodes farther away: after the first layer, the node
has received information from its direct neigbhors. After the third
layer, it has received information from nodes 3-hop away.

D. Final representation. The final layer of the graph trans-
former aggregates the final node representations h’{, .. h;‘\] by
average pooling: the query plan representation is defined as z =
(1/N) Zﬁl h}, which is then passed to a downstream regressor.

6.2 Enhanced GTN

We identify two limitations of current GTN models, inspired by the
language technology, for query embedding. We then propose new
GTN variants that address these limitations. Our discussion uses
running examples in Figure 6, where part (a) shows Query 45 of
the JOB Full dataset with real model weights, and part (b) shows a
toy example with 2-dim features to permit simple computation.

Limitation of Positional Encodings. The same operators oc-
curring in different parts of the query graph should produce the
same result, given the same inputs. Consider the two red join op-
erators in Figure 6(b). The behaviour of a join operator depends
only on its inputs, not its position in the query plan. After the first
GTN layer processes the query plan, join operators with similar
inputs should have similar updated features. However, positional
encodings can disrupt this by altering node representations based
on their locations, introducing artificial differences between similar
operators in different parts of the plan. To address this, we propose
to remove positional encoding from the GTN architecture
and refer to this revised architecture as GTN_, pg.

Limitation of Self-Attention. We discover that self-attention
may restrict the information flow between nodes with different
features. Consider the join operator (red) followed by the project op-
erator (blue) in Figure 6(b), with their respective node encodings hy
and h;. For simplicity, we assume two-feature encodings and omit
positional encoding. Suppose x; = [0.1,0.5] and x3 = [0.9,0.1]. The

self-attention coefficient wifl is computed as exp(x1-x1)/[exp(x1 -

x1)+exp(x1-x2)], resulting in wﬁlf = 0.530. With a similar compu-
tation, we get wfglf = 0.470, which is too low for the information
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Figure 6: Running query examples

to flow from the join operator to the project operator. In fact, the

maximum attainable self-attention weight, wfglf , is capped at 0.5
(achieved when x; = x3), which is too low for information to flow.
Consequently, self-attention sets a strict upper bound on how much
information can be exchanged between distinct operators. Since
many consecutive relational operators have dissimilar feature em-
beddings, this mechanism creates a bottleneck for information flow.

Learnable Attention to Maximize Information Flow. The
failure case above happens because self-attention calculates scores
purely based on the similarity of feature vectors. However, in query
embedding, we want the attention mechanism to produce scores that
enable information flow even between nodes with highly contrasting
features. To achieve that goal, we can replace self-attention with
learnable attention [6, 81]. This mechanism uses a parameterized
vector a to compute the unnormalized attention score between two
feature vectors, denoted as e(h;, hj) = al LeakyReLU(W, - [h; [I1h;]),
where W, is a linear transformation, and || is the concatenation oper-
ator. Compared to s;;, a allows control over how information flows
between dissimilar operators. For instance, omitting the LeakyReLU
and linear transformation for simplicity, if a = [0.1,0.2,0.7,0.1],
we have e(hy, h1) = [0.1,0.2,0.7,0.1] - [0.1,0.5,0.1,0.5] = 0.23 and
e(hy,hy) = [0.1,0.2,0.7,0.1] - [0.1,0.5,0.9,0.1] = 0.75. Using the

softmax operator to get the normalized scores wﬁ‘”", and w{‘z"" n
we get w{‘i’“m =0.373 and wiez‘"” = 0.627. Information is now able

to flow from the join operator to the project operator. Therefore, we
propose to replace the self-attention with learnable attention
in the GTN, and we denote by GAT the new architecture.

6.3 Comparison to Competitive Models

We now compare our approach with competitive state of the art
query embedders, namely GCN and TTN.

Importance of Context Awareness. Information flow must
prioritize the relevant operators. Consider the joins 3 and 5 of Query
45 in Figure 6(a) from JOB. A convolution based model such as GCN
will attribute fixed weights (here, 0.5 for each node) to the incoming
operators, regardless of the features of the nodes, and will not be
able to favour any of the two paths. In contrast, a GAT can attribute
different weights to different operators: 0.75 and 0.25 for the inputs
of join 5, 0.52 and 0.48 for the inputs of join 3. The 0.75 coefficient
means that the left branch contains more relevant information to
be passed to the next operator, and leads to an improved prediction
(query latency: 12.45 s; GCN prediction: 8.23 s; GAT prediction:
12.246 s). Thus, attention allows information contextualization.



Importance of Sparse Attention. Efficient computation of in-
formation flow is critical. Consider the JOB query in Figure 6(a).
The Tree Transformer Network (TTN) incorporates two mecha-
nisms to promote long-range information propagation: (1) attention
directed towards all downstream children of a node, and (2) the
inclusion of a super node that receives attention from all nodes in
the graph. The super node is used as the final graph representation
and replaces the average pooling operation typically used in the
final layer of graph transformers.

These mechanisms fail to emphasize critical operators. First,
super nodes tend to homogenize node representations across the
graph [73]. Second, the combination of super node and attention to
all downstream children entails high weights of leaf nodes in the
final graph representation. This happens because the super node
is attended by a single leaf several times: directly by the leaf itself,
and indirectly by all the leaf’s children (two-hop neighbourhoods).
Figure 6(a) illustrates this effect on JOB Query 45. Nodes highlighted
in blue contribute less to the final graph representation than they
would under average pooling, whereas pink-highlighted nodes
contribute more. Here, TTN disproportionately focuses on table
scan operators while underemphasizing join operators, leading to
an underestimated query latency (predicted latency: 9.85 s).

7 PERFORMANCE EVALUATION

In this section, we evaluate our data augmentation methods and
enhanced GTN architectures for improving the effectiveness of
query plan representation. We also compare our techniques against
the most competitive models identified in Section 4.

We implemented our (extended) GTN models in PyTorch, relying
on its default parameter initialization [24]. For the downstream QPP
task, we train the GTN and an MLP regressor (augmented with skip
connections for improved robustness) jointly via backpropagation,
using the AdamW optimizer [46]. To ensure stable convergence,
we combine a cosine annealing schedule [45] with a linear warmup
phase [49] for adaptive learning rate control. For each model, we
conducted hyper-parameter tuning, up to one week of running time,
over the number of graph layers (L), hidden dimension (dhidden)s
the size of the final plan representation (dgy,1), and whether to use
feature masks or not [61], as well as the structure of the downstream
MLP. Additional details are provided in Appendix E.

7.1 Improving OOD with Data Augmentation

We begin by evaluating the effectiveness of data augmentation for
improving OOD performance.

7.1.1  Impact on JOB. Recall that we have two settings for evaluat-
ing JOB OOD performance. JOB Light includes 70 test queries that
are unseen but somewhat comparable to JOB Train in complexity
(comparable predicates and modest increase of the number of joins.,
e.g, from 2 to 4 from training to test). JOB Full includes the full set
of 113 JOB queries that are much more complex than JOB Train
(complex predicates and up to 16 joins).

JOB Light. We augment training data for JOB Light to simulate
the scenario that the training data has sufficient coverage of the (un-
seen) test queries — this scenario will enable us to demonstrate true
model differences. To this end, we generated 27k synthetic queries

Table 5: OOD results of TPC-DS with different training data options

WAPE Q-error
Mean P50 P90 | P50 P90 P99 MAX

DS_50K ‘ 0.456 0.199 1.056 ‘ 1.320 2.458 5.203 19.70
DS_50K+LLM_6K ‘ 0.458 0.213 1.039 ‘ 1.315 2.547 5.682 20.39
DS_50K+EXT_10K 0.407 0.162 0.957 | 1.269 2.369 5.347 19.88
DS_50K+EXT_30K 0.394 0.159 0.982 | 1.267 2.369 4.765 22.73
DS_50K+EXT_50K 0.438 0.163 1.063 | 1.268 2.401 5.322 20.18

DS_50K+EXT*_30K (filtered) | 0.387 0.156 0.937 | 1.256 2.301 4.864 19.48
DS_50K+EXT*_30K+JOB* 0.350 0.169 0.798 | 1.264 2.455 4.878 18.72

with up to 4 joins (EXT_v1), using the generator in Section 5.2. Ta-
ble 4 shows the results of data augmentation in the first 3 rows.
First, as we increase the training data from 10k to 100k of JOB Train,
OOD errors initially reduce, but beyond 30K queries, become worse,
highlighting the limited diversity of additional queries in JOB Train.
In contrast, adding our 27k synthetic queries reduces OOD errors
(WMAPE from 13.6% to 10.2%), without negatively affecting ID ac-
curacy. Figure 7 visualizes the effectiveness in broadening coverage,
where a t-SNE projection is applied to query embeddings trained
over Train_30K queries plus EXT_v1. The left plot shows that the
points in Train (grey dots) cannot fully cover the test queries (red
dots). In contrast, the right plot shows that the added synthetic
queries are diverse and occupy many of these previously uncovered
areas, thereby improving the OOD accuracy.

JOB Full. Table 4 shows, in the bottom row group, that neither
JOB Train or Train_30K + EXT_v1 is sufficient for the more com-
plex JOB Full, although the latter performs better than the former.
(1) Given that JOB Full includes up to 16 joins, we ran our query
generator with parameters to enable more random walks on the
join graph and more predicates. Without peeking into the test set,
our query generator produces 859 join signatures (1-11 joins) and
20K new queries (EXT_v2). (2) Alternatively, we added to training
13.6K CEB queries developed on IMDB, with 5-11 joins, based on
15 fixed templates [60]. Table 4 shows that Train_30K + EXT_v2 is
more effective than Train_30K + CEB. This is confirmed by the t-
SNE plots in Figure 8 where CEB covers a few concentrated regions
of the embedding space, due to the fixed 15 templates, while EXT_v2
has broad, diverse coverage of the embedding space. Given that
CEB has large joins and LIKE predicates (which are not available
in EXT_v2), we finally combine both sets in training, achieving the
best OOD WMAPE of 25.1%, compared to the initial 38.4%.

Summary. Controlling the training size of JOB Train to 30 K
avoids overfitting ID patterns and improves the generalization abil-
ity of OOD queries. For data augmentation, the key finding is that
expanding the query variety, rather than merely increasing
the total number of queries, is key to improving OOD per-
formance (R1, denoting major result 1).

7.1.2 Impact on TPC-DS. For TPC-DS, our original training data
included 50 K parameterized queries from the 102 query templates
(DS_50K). We report OOD performance of different data augmenta-
tion methods in Table 5.

LLM Queries. TPC-DS includes complex operators like UNION,
CROSS-JOIN, SUBQUERY, WINDOW, and EXPAND. To support such di-
verse operators, we first explore LLMs to generate diverse queries
that differ maximally from existing TPC-DS queries. The LLM
method (ChatGPT 4.0) managed to generate 1000 distinct query
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Table 4: JOB OOD Results (WAPE)
of GTN under training data options ?‘ ’
Training for JOB OOD | Mean P90 ‘p’
Train_100K (JOB Light) | 0.151 0.387 w w
Train_30K 0.136  0.307 "2
Train_30K+EXT_v1 0.102  0.200 ’-'
Train_100K (JOB Full) | 0.384 0.824
Train_30K 0382 0.873 ” P
;rain_wK*EXT_Vl 0334 0.748 Figure 7: T-SNE visualization of JOB Light:
rain_30K+EXT_v2 0.284 0.581 .
Train_30K+CEB 0319 0.669 Train_30K (grey dot.s), JOB EXT v1 (blue
Train_30K+EXT_v2+CEB | 0.251 0.496 dots), JOB Light queries (red dots).

templates and we parameterized them to 6000 queries (DS-LLM).
The row, DS_50K+LLM_6K, in Table 5 shows that adding the LLM_6K
query set does not improve OOD performance. Although 1,000
templates were requested from LLM, only 174 of them are runnable
ones, covering just four distinct query-plan structures, due to the
model collapse issue of LLMs [22]. Hence, DS_50K+LLM_6K yields a
WMAPE of 46%, worse than the 45% baseline. This indicates that
LLM-based query generation remains mostly at a syntax level, lack-
ing a deeper understanding of the diverse query plans on the com-
plex schema of TPC-DS, especially given only high-level prompts.

Random, Synthetic Join Queries. We also used our query gen-
erator to create 7000 join signatures (up to 9 joins) and 55,180 param-
eterized queries (DS-EXT). Table 5 shows that random query synthe-
sis works better than LLM. From the row group, DS_50K+EXT_xK,
in Table 5 we see that adding 10K-30K star join queries improves
OOD errors, with the best WMAPE (39.4%). Beyond 30 K, perfor-
mance regresses slightly, suggesting overfitting to newly introduced
join patterns. With more internal profiling, we see that limiting
up to four joins, denoted as EXT*_30K (filtered), achieves the best
WMAPE (38.7%), suggesting that moderate join complexity offers
better balance for generalization. Finally, we further add JOB* (the
best JOB training data), achieving additional OOD gains (WMAPE
from 38.7% to 35.0%). While JOB queries do not overlap with origi-
nal TPC-DS queries in the embedding space, their diversity helps
mitigate overfitting to current DS join queries.

We further examined the queries to understand the remain-
ing errors with all the data augmentation. We observe that there
exist many diverse operators, including UNION, WINDOW, EXPAND,
CROSS-JOIN, and SUBQUERY. Queries involving these operators,
which are insufficiently covered in training data, often experience
high errors. For more details, see Appendix C.2.

Summary. We summarize the main observations from the TPC-
DS data augmentation study: (i) LLM Limitations (R2). LLM-
based generation is insufficient for handling the structural and
semantic complexity of TPC-DS: without deeper knowledge of
query planning and optimization, it produces mainly low-quality
templates (most of them are not runnable and include a very small
number of distinct query structures). (ii) Partial Gains from Join
Queries (R3). Although additional join queries and JOB queries
reduce the ID-OOD gap, the overall improvement remains modest.
A main factor is that TPC-DS includes a very diverse set of query
operators, and there is not enough coverage of these operators
in the current training set. (iii) Challenge of a Vast SQL Space
(R4). Real-world query spaces are both huge and sparse, making it
difficult for the model to cover every corner of it. Simply adding

Figure 8: T-SNE visualization of JOB Full: Train_30K
(grey dots), JOB EXT_v2 (blue dots), CEB (green dots),
JOB Full queries (red dots).

more synthetic queries, unless carefully aligned with the OOD
patterns, may yield limited benefits as this may steer the model
toward a limited region. A significantly larger, diverse training set is
needed to have a good coverage of the complex TPC-DS workload.

7.2 Improving OOD with Enhanced GTN

We now evaluate the performance of our enhanced GTN on the
augmented JOB and TPC-DS datasets. We focus on the four variants
proposed in Section 6.2: (1) the original GTN; (2) GTN- pg, with
positional encodings removed; (3) GAT, with learnable attentions;
(4) GAT_ pg, with positional encodings removed. We also compare
to the most competitve models identified in Section 4: (5) GCN [87],
(6) TTN(QF) [102], and (7) TCNN [54].

7.2.1  Evaluation on JOB. Table 6 compares the baseline GTN (on
the original JOB Train), GTN variants (1-4) trained on augmented
data, and competitve models (5-7) trained on augmented data.

JOB Light. After data augmentation improves OOD, the model
differences start to be more visible. Most notably, the GTN family
shows significant benefits over the competive models: while GCN
and TCNN perform better than TTN, they lose to the best GTN
model in mean and more significantly, in P90 result. Among the
GTN variants, GAT_, pg gives the overall best WMAPE and P90. It
has reduced the gap between ID and OOD sufficiently enough that
they appear to be drawn from a similar distribution. This means that
under sufficient training data, GAT_ pg can reduce the gap
between ID and OOD (R5) due to custom architectural choices for
query plans, namely, removing noisy positional encodings while
adapting the attention between different operator types.

JOB Full is more challenging than JOB Light due to the ad-
ditional large join queries and complex predicates. While all the
models are affected by this challenge, again the GTN family of
models outperform the competitive models significantly in the
P90 range. This means that advanced GTN variants can better
capture complex, long-running queries with context-aware
weights, hence outperforming competitive models (R6). An
example of JOB Q45 was given in Section 6.

7.2.2  Evaluation on TPC-DS. Table 7 shows the TPC-DS OOD
results of the 7 models. This workload is harder due to the diverse
SQL operators used, which are not sufficiently covered in training
data. Therefore, all the models exhibit high errors. Consistently, we
see that the GTN models outperform the most competitve model,
GCN, in the mean (with a modest 4% difference) and P90 (with more
significant 11% difference) in WAPE.



Table 6: Enhanced GTNs vs competitve models for
JOB Light and JOB Full on augmented data

Table 7: Enhanced GTNs vs competitive
models for TPC-DS on augmented data

Table 8: Transferring the TPC-DS em-
bedder to TPC-H for QPP

[| JOB-ID |JOB Light-OOD | JOB Full-OOD || TPCDSID | TPCDS-OOD Fine-tuning Regressor w. WAPE

Model Model i ;

©% || Mean P90 |Mean P90 |Mean P9 P99 %% || Mean  P9@ | Mean P30 Queries per Template (%) | Mean P50  Pse
GTN (BL) || 0.057 0.114 | 0.151  0.387 | 0384 0824 280 GIN(BL) || 0.163 0336 | 0456  1.056 0 (Zero-shot/OOD) 0.605 0.372 1.340

5 (Few-shot) 0396 0212 0.939

GIN 0072 0.156 | 0102 0.200 | 0.266 0556 248 GIN 0.158 0326 | 0.350  0.798 10 (Few-shot) 0211 0.098 0484
GTN.pg || 0.073 0145|0093 0189 |0.254 0.441 237 GIN.pp || 0.161 0333 | 0385  0.884 20 0162 0077 0345
GAT 0.071 0.143[0.089 0.200 |0.258 0487 1.69 GAT 0156 0312 | 0373 0873 5 0141 0061 0298
GAT.pg || 0.073 0.165 |0.089 0.190 |0.269 0.666 2.26 GAT, 0159 0323 | 0.347 0818 ' ‘ '

FE FE 90 0.118 0047 0.253
GCN 0076 0.175]0.109 0.277 | 0280 0615 2.21 GCN 0.164 0324 | 0.387 0908
TIN(QF) || 0121 0313 [0.231 0525 |0.276 0569 240 TIN(QF) || 0160 0319 | 047 1156 Train-from-scratch (OOD) | 0.786 0.556 1.643
TCNN || 0080 0182|0120 0.244 |0265 0634 258 TCNN 0164 0321 | 0425 0997 Train-from-scratch (ID) | 0.111 0.045 0.235

7.3 Use Case 1: Transfer Learning

We next evaluate how our learned plan embedder works for unseen
workloads, a common use case in cloud analytics when new user
workloads arrive and the model needs to work out-of-the-box. Here,
we use TPC-H as the unseen workload, and transfer the plan em-
bedder of TPC-DS, trained using the best GTN architecture (GTN¥)
on the augmented training sets (TPC-DS and JOB combined).

We assess the TPC-H query performance predictor (QPP) built
on the transferred plan embedder from TPC-DS. This OOD sce-
nario aligns with a zero-shot learning setup, where the embedder
trained on TPC-DS is directly used without any retraining on TPC-
H queries. In comparison, the regressor for the downstream task,
QPP, may be fine-tuned using a small set of TPC-H data, aka, few-
shot learning. First, as reference, we show the performance of the
embedder and regressor trained natively on TPC-H in the bottom
two rows of Table 13. As can be seen, the ID performance is good
(WMAPE = 11.1%) but OOD performance is poor (WMAPE = 78.6%).
Then in the top part of the table, we show that (1) by using the TPC-
DS embedder out-of-the-box, without fine-tuning, transfer learning
can already reduce the OOD WMAPE to 60.5%; (2) as we perform
fine tuning of the regressor, only 10% parameterized queries per
TPC-H template reduce the OOD WMAPE to 21.1%, highlighting
substantial gains even with limited domain-specific data. WMAPE
decreases steadily as fine-tuning employs more data (20-90%), until
reaching the ID performance, all using the TPC-DS embedder.

7.4 Use Case 2: Job Scheduling

Finally, we use a job scheduling task to evaluate end-to-end per-
formance in a model-centric setting—this task allows us to directly
observe the net effect of a model, without tight coupling with an
optimizer (which may come with its own constraints). The task
requires classifying queries as “long" or “short" based on predicted
latency, where short queries are sent to a single queue for sched-
uling and long queries are directed to two burst clusters [79]. Our
evaluation proceeds in two stages. First, we measure classification
accuracy (Table 9) on several OOD test sets, using the 80th latency
percentile as the long/short cutoff. While all models identify short
queries with high accuracy (95-100%), correctly identifying long
queries is more challenging. Here, our best GTN model excels in
long query accuracy, improving the most competitive model, GCN,
with 21% on JOB Full and 8% on TPC-DS, while also being more
accurate for short query classification. Second, to translate this
accuracy to system-level gains, we simulate E2E workload latency
by allowing five concurrent short queries in one cluster and two

burst clusters for long queries. Misclassifying a query will send it
to the wrong cluster, causing delays to this query and subsequent
ones (which is sensitive to the order of long-short query mixes).
The model’s inference time of ~5 ms per query is negligible (<0.1%)
compared to the shortest query execution time (4.87-5.22s) in Spark
SQL. Our GTN model’s superior accuracy translates to E2E time,
consistently outperforming the competitive models by 4-17%, 7-10%
and 6-11% on JOB Light, JOB Full and TPC-DS, respectively.

Table 9: Long-Short query classification accuracy and E2E Latency.

Model JOB Light JOB Full TPC-DS

Short Long All E2E(s)|Short Long All E2E(s)|Short Long All E2E(s)
GTN 1.00 0.79 0.96 98 |0.99 0.12 0.81 219 |0.95 0.71 0.90 169
GTN-PE|| 0.98 0.71 0.93 100 | 1.00 0.21 0.83 219 |0.93 0.71 0.89 179
GAT 0.98 0.57 0.90 105 | 0.99 0.33 0.85 202 | 0.94 0.68 0.89 179
GAT-PE|| 0.98 0.71 0.93 100 | 1.00 0.21 0.83 213 |0.95 0.69 0.89 179
GCN 095 0.79 091 118 | 0.98 0.12 0.80 224 | 0.94 0.63 0.87 190
TTN 0.89 0.43 0.80 105 | 0.97 0.12 0.79 218 | 0.93 0.36 0.82 182
TCNN || 098 0.64 091 102 |0.98 0.12 0.80 221 |0.93 0.56 0.85 180

8 CONCLUSIONS

In this paper, we examined the strengths and challenges of Graph
Transformer Networks (GTNs) for query plan representation (QPR).
We proposed data augmentation techniques to enhance training
diversity and refined GTN architectures by replacing ineffective
language-model-inspired components with techniques better suited
for query plans. Evaluation results show that with sufficient train-
ing data, enhanced GTNs reduce the gap between in-distribution
(ID) and out-of-distribution (OOD) queries (JOB Light); outper-
form existing models for capturing complex queries (JOB Full and
TPC-DS); and enable the query embedder trained on TPC-DS to
generalize to TPC-H queries out of the box.

Our evaluation also reveals future research directions to realize
the full potential of GTNs for QPR. We need larger high-quality
training sets, covering diverse query operators and different ways
of combining them, for the model to generalize for complex work-
loads like TPC-DS. In addition, we will explore alternative, self-
supervised learning methods to reduce the number of query obser-
vations needed for training the GTN.
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Table 11: TPC-DS template splits into 10 folds (F1-F10) for
OO0D evaluation.

F1 F2 F3 F4 F5
1,11, 28, 5,13, 18, 10, 15, 22, 6, 12, 26, 8,16, 19,
38, 39b, 42, 24b, 29, 31, 37, 41, 50, 33,52, 62, 24a, 25, 32,
44,59, 65,88  74,77,83,95 66,71,96,98 63,76, 82,99 40, 70, 81, 89
Fe6 F7 F8 F9 F10
4,7,9, 34,43, 47, 30, 39a, 45, 2,3,21, 14b, 20, 23a, 48,
14a, 17, 23b, 51, 53, 64, 54, 55, 58, 27, 35, 49, 57, 69, 72, 80,
36,46,75,78  67,68,87,93  73,79,86,97 56,60, 92, 94 84, 85, 90, 91

Table 12: Node encoding ablation study (in WAPE)
I ID I 00D

JOB TPC-DS JOB TPC-DS
Mean Poo Mean Poo Mean Poo Mean Poo

type 0.160  0.390 | 0.166  0.334 0.207 0435 | 0.530 1318
cbo 0.061  0.127 | 0.160  0.324 0.178  0.380 | 0.519  1.274
pred 0.134 0317 | 0.165 0.335 0.211  0.510 | 0.517  1.223
hist 0.161  0.386 | 0.180  0.374 0.294  0.619 | 0.637 1572
bitmap 0.077  0.171 | 0.160  0.317 0.257  0.699 | 0.572 1390

—type 0.059  0.120 | 0.161  0.314 0.177  0.420 | 0.543  1.261
—cbo 0.061  0.122 | 0.166  0.340 0.172  0.446 | 0.593 1418
—pred 0.057 0.113 | 0.164 0.331 0.162  0.422 | 0.502 1.133
—hist 0.058 0.111 | 0.169  0.341 0.142 0366 | 0.495 1.158
—-bitmap 0.061  0.128 | 0.158 0.312 0.156  0.346 | 0474 1.141

all || 0.057 0.114 | 0163 0336 || 0.151 0387 | 0.456 1.056

Table 10: Characteristics of the JOB benchmark datasets.

JOB Dataset | #Tables ‘ #Queries ‘ #Joins

Train 6 100,000 | 0-2
Synthetic 6 5,000 0-2
Light 6 70 1-4

A MORE DETAILS OF INITIAL BENCHMARK
ANALYSIS

A.1 More Details of Experimental Setup

Our initial analysis runs on two identical Spark 3.5.0 clusters, each
with six CentOS-based nodes. Every node is equipped with two
16-core Intel Xeon Gold 6130 processors, 768 GB of RAM, and RAID
disks, all connected via 100 Gbps Ethernet. For each query, we col-
lect the end-to-end latency under a randomly sampled Spark con-
figuration, generated using Latin Hypercube Sampling [57] across
19 parameters [47] that affect resource allocation, runtime context,
and query optimization. The objective is to predict this query la-
tency based on the logical query plan, the chosen configuration,
and relevant statistics at both the operator and query levels. We
adopt a white-box modeling strategy, investigating various query-
embedding and operator-encoding approaches, with a multilayer
perceptron (MLP) serving as the downstream regressor. Evalua-
tions consider both data in-distribution (ID) and out-of-distribution
(OOD) scenarios.

JOB Benchmark. The Join Order Benchmark (JOB) [35] is built
from an IMDDb dataset containing over 2.5 million movie titles span-
ning 133 years, involving 234,997 companies and 4 million actors

(3.88 GB total). Though originally 113 queries, JOB has become a
standard for evaluating cardinality estimation [32, 61, 88], query op-
timization [9, 10], and query-performance prediction [74, 102, 103]
through various extensions. Kipf et al.[32] generated 100,000 queries
(Train) and 5,000 additional queries (Synthetic) by varying the
number of tables (1-3) and join predicates (0-2), e.g.
SELECT COUNT (*)
FROM [1-3 tables]
WHERE [0-2 join predicates]

[1-3 column predicates]

Seventy of the original JOB queries (Light) are further picked
to serve as a test set with potentially higher complexity, involving
up to four tables or three join predicates. Table 10 summarizes
these datasets: Train (training/validation), Synthetic (ID test), and
Light (OOD test). Any join follows a star schema with title as the
fact table. Typically, Train is split 90%/10% for training/validation,
and then tested on both Synthetic (ID) and Light (OOD).

TPC-H and TPC-DS Workloads. TPC-H [2] includes 22 decision-
making analytical queries, while TPC-DS [1] provides 102. TPC-H
queries tend to be simpler, whereas TPC-DS involves more complex
multi-joins, window operations, subqueries, and aggregations. Fol-
lowing previous work [47, 55, 102, 103], we treat each benchmark
query as a template and generate parameterized queries by substi-
tuting constants. We create 50,000 distinct queries each for TPC-H

and TPC-DS, with each template yielding about 2272 queries in
TPC-H and about 500 in TPC-DS. Every query is executed under a

distinct Spark configuration, again sampled via Latin Hypercube
Sampling. For ID evaluations, we partition each benchmark with
stratified sampling so that every template appears in the training/-
validation sets (80%/10%) and test set (10%). For OOD evaluations,
we split the 22 TPC-H and 102 TPC-DS templates into 10 folds, as
illustrated in Table 11 for TPC-DS. In each run, one fold is used
exclusively for testing (OOD), while the remaining folds provide
training and validation; the final OOD performance is averaged
over all 10 folds.

Metrics. We measure performance using two sets of metrics. First,
we compute the weighted mean absolute percentage error (WMAPE)
and the 50th/90th percentiles (P50/P90) of the weighted absolute
percentage error (WAPE). Second, we report Q-Error [59], defined
as max(%, %), including its 50th (P50), 90th (P90), 99th (P99), and
maximum (Max) percentiles.

A.2 Node Encoding Comparison

We next present an ablation study on node (operator) encodings for
JOB and TPC-DS, using GTN as the structure encoding approach.
Table 12 shows three main strategies for encoding features in each
node: (i) using each encoding option alone (type, cbo, pred, hist,
bitmap); (ii) leaving out exactly one option (—type, —cbo, —pred,
—hist, —=bitmap); and (iii) employing all options together (all).
In the ID setting, some single-feature approaches are already
competitive with the best. For example, cbo or bitmap alone yields
a WMAPE of 0.160 in TPC-DS, which is close to 0.158 (the best
ID result). In JOB, cbo likewise achieves near-top performance.
Moreover, omitting a single feature rarely harms accuracy com-
pared to using all features: WMAPE differs by only 0.004-0.011,



Algorithm 1: JOB Query Generation Process

Input: Number of queries n;

Fact table Tije;

Dimension tables 73;

Random sampler S (without replacement, default size 1);

Set of arithmetic operators OP;

Precomputed constants for each column, stored in a hashmap M
Output: List of queries Q

Initialize Q « {};

foreach i € [1,n] do

nj «— S({3,4});

P — S(Ta, size =nj);

F — {Thitie } U Ps

// Prepare WHERE clause

1 Initialize W « {};

// Generate join predicates

2 foreach T; € P do

3 L Add Tiiye.id = T.movie_id to ‘W,
// Generate column predicates
4 ne — S({2,3});

5 P — S(P, size =nc);

6 foreach T € P, do

7 ¢ « S(T.nonindex_columns);

8 op «— S(OP);

9 v — S(Mcl]);

10 Generate a predicate p < T.c op v;
1 W.add(p);

12 Form WHERE clause w « “ AND ” join(‘W);
13 q < “SELECT COUNT(*) FROM ” ¥ “ WHERE ” w;
14 Q.add(q);

return Q;

and P90 WAPE by 0.017-0.029 across both datasets. This robustness
arises because multiple features (cbo, hist, bitmap) overlap in the
cardinality information they capture, and the model is easier to
generalize with limited information in the ID setting.

In the OOD setting, overall performance degrades, and relying
on just one encoding option is no longer sufficient since unfamiliar
query structures demand richer information to generalize. For TPC-
DS, the most complex workload, excluding one feature still lags
behind the all-features option. In comparison, for JOB, dropping
hist or bitmap can still match the accuracy of all-features, sug-
gesting that these two features convey similar information for JOB
but contribute more distinct signals in TPC-DS. Overall, using all
operator features is the most robust choice in both ID and
OOD settings (R6), consistent with the results reported in [103].

B DATA GENERATION METHODS

B.1 JOB Query Generation Process

Algorithm 1 provides the details of our star join algorithm for JOB,
which follows these main steps:

B.2 TPC-DS Star-Join Query Generation

Based on domain knowledge that TPC-DS queries often join fact
tables with dimension tables, we adapt the star-join approach pre-
viously used in the JOB environment to TPC-DS’s seven fact tables,

each with 3-18 foreign keys. For a given fact table with n foreign
keys, there are up to 2" possible star-join “signatures” (i.e., com-
binations of dimension tables). We select up to 1,000 signatures
per fact table as star-join templates, ranging from the fewest to the
large number of dimension tables. Each template is further parame-
terized using various column filters, producing 10 runnable queries
per template and yielding 55,180 synthetic queries, referred to as
DS-EXT.

C ADDITIONAL EXPERIMENTS

C.1 Impacts of Training Data for JOB

Impact of Training Set Size for JOB Figures 9(a)-9(b) present
WAPE for in-distribution (JOB-1ID) and out-of-distribution (JOB-00D)
test queries, respectively, as the training set increases from 10K
to 100 K. Each boxplot shows the distribution of errors, with blue
triangles for mean and red circles for the 90th percentile (P90). First,
expanding the dataset from 10K to 30K yields significant gains
in both ID and OOD. For instance, JOB-ID WMAPE drops from
10% (P90 24%) to 6.9% (P90 15%), while JOB-00D falls from 17%
(P90 38%) to 14% (P90 31%). Second, beyond 30 K, JOB-ID continues
to improve (reaching 5.7% WMAPE at 100 K), but JOB-00D largely
plateaus or worsens (up to 15% WMAPE at 100 K). This indicates
that additional queries of limited diversity can overfit ID patterns
without broadening OOD coverage. Third, P90 errors in JOB-00D
vary noticeably (31%-39% WAPE), indicating that the small test
set (70 queries) is sensitive to outliers. Overall, 30 K emerges as an
optimal balance: it sufficiently reduces OOD errors while avoiding
diminishing returns or additional training overhead in ID. We made
similar observations using the Q-error metric; the plots are omitted
in the interest of space.

Effect of Adding Synthetic Queries. Figures 9(c)-9(d) show
WAPE results for JOB-ID and JOB-00D after incrementally adding
up to 27 K synthetic JOB-EXT queries to the existing 30K train set.
First, JOB-ID errors remain nearly unchanged: WMAPE hovers
around 7%, indicating the original ID distribution is well-captured
and not adversely affected by the extra queries. Second, JOB-00D
WMAPE steadily improving from 14% (P90 31%) to about 9.2%
(P90 18%) at 12K new queries, becoming closer to JOB-ID (7%
WMAPE, P90 14%). Finally, with 27 K synthetic queries, JOB-00D
achieves its lowest boxplot distribution in WAPE, without harming
the ID performance.

C.2 Per-fold OOD Analysis for TPC-DS

As shown in Figure 10(a), augmenting the baseline with additional
datasets does not affect ID performance; the model already captures
ID queries sufficiently. However, certain folds, such as F8 and F9, ex-
hibit substantial error reductions when synthetic queries (star-join
or JOB) are introduced, whereas other folds, e.g., F4 and F7, ranges
between 50%-70% WMAPE. Further analysis shows that these high-
error folds predominantly involve unfamiliar operators that are not
well covered by either the original training set or the extended query
set. These operators including UNION, WINDOW, and EXPAND: for ex-
ample, UNION in Q76 yields WMAPE 323%, WINDOW in Q67 yields
86%, EXPAND in Q36 yields 86%. To validate, we re-evaluate the OOD
performance on queries excluding these operators (Drop), reducing
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Figure 9: JOB errors in ID and OOD against the size of training set

Table 13: WAPE of the plan embedder for different modeling targets

I JoB I TPC-DS
00D D 00D
Mean P90 | Mean P90 || Mean P90 | Mean P90
Latency (original) 0.057 0.115| 0.151 0.387 || 0.163 0.336 | 0.456 1.056
Latency (GTN¥) 0.068 0.148 | 0.089 0.190 || 0.158 0.326 | 0.350 0.798
Shuffle Size (original) || 0.061 0.086 | 0.079 0.089 || 0.144 0.065 | 1.430 4.848
Shuffle Size (GTN*) 0.064 0.109 | 0.040 0.050 || 0.045 0.051 | 0.836 2.176
Cloud Cost (original) || 0.051 0.098 | 0.113 0.299 || 0.138 0.087 | 1.168 3.940
Cloud Cost (GTN*) 0.057 0.120 | 0.059 0.133 || 0.051 0.067 | 0.724 1.894
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Figure 10: TPC-DS OOD Per-fold WMAPE breakdown, sorted by
the baseline (DS-50K) WMAPEs.

the high error rates in F4 and F7 to below 40% (Figure 10(b)) and the
OOD WMARPE to 32.2% (Table 5). When we further exclude queries
containing additional operators CROSS-JOIN and SUBQUERY, which
are not covered by the extended training set (Drop+), we achieve a
WMAPE of 28.0% in the OOD setting (Table 5).

C.3 Generality across different modeling
targets.

Besides query latency, we evaluate our best model for two additional
modeling targets: shuffle size, which belongs to the task of cardi-
nality estimation in big data systems, and cloud cost [69], a metric
needed for cost-performance optimization. For the JOB benchmark,
our augmented data and customized structure encoding generalizes
well to shuffle size and cloud cost, improving OOD accuracy and
reducing the gap with the ID performance. Specifically, shuffle size
predictions achieve lower WMAPE and P90 errors in the OOD case
because the augmented JOB queries fully cover the OOD query
space, including more complex joins with longer running times and
thus benefiting metrics that emphasize long-running queries. For
TPC-DS, augmenting data significantly improves predictions by: (1)
greatly reducing WMAPE for shuffle size (from 14.4% to 4.5%) and
cloud cost (from 13.8% to 5.1%) in the ID scenario, and (2) notably
improving performance in the OOD scenario, where WMAPE drops
by 59% for shuffle size and by 205% for cloud cost. We observe that

predicting shuffle size in the OOD scenario is more challenging
because, without prior observations to adjust predictions for spe-
cific query plan patterns, predictions become more sensitive to the
accuracy of cardinality estimations at the compile time, which are
often unreliable in Spark SQL.

D END-TO-END EVALUATIONS

Finally, we evaluate the end-to-end model performance impact to
two real-world tasks: job scheduling and auto-scaling.

D.1 Job Scheduling.

Query performance prediction is crucial for job scheduling [79],
where the system must classify incoming queries to different per-
formance categories to optimize resource allocation. We classify the
queries into short and long categories based on their P80 latency,
and simulate the job scheduling process to compare the effects of
different model options. The simulation assumes a fixed cluster for
short queries and two burst clusters for long queries. The fixed
cluster is able to run up-to five queries in parallel, while each burst
cluster is designed to run one long queries at a time, with three
seconds overhead of initialization and shutdown. Underestimating
a query from long to short leads to more delay for the short queue,
and overestimating a query from short to long leads to more over-
head of using the burst clusters force more long queries to wait for
the cluster to be available.

E ADDITIONAL JOB EXPERIMENTS
E.1 Hyperparameter tuning

Initial search of best learning parameters yielded H = 4 (number of
attention heads), n = 0.003 (learning rate).

We allocate one cluster node per model for seven days. We specif-
ically vary the number of layers (2, 3, 4), the hidden dimensions
of the model (64, 128, 256), and the final representation (256, 300).
After a week, we cut off the queued training configurations not yet
explored. We use TPC-DS ID as our training set for the hyperpa-
rameter tuning.

E.2 Detailed evaluation on JOB*

We evaluate each data improvement on JOB Full independently. Ag-
gregated results appear in Table 14. Figure 11 shows a comparison
between several models on the longer running queries of JOB Full.

F SNOWFLAKE QUERY GENERATION

Our query generation is divided into four main components:

(1) Column-wise statistics collection
(2) Join structure generation



Table 14: Data augmentation evaluation on JOB Full

JOB (30K) +EXTV2 +CEB +EXTV2+CEB
Mean P90 Mean P90 Mean P90 Mean P90

GTN 0.382 0.873 | 0.284 0.581 | 0.319 0.669 | 0.251 0.496
GTN- pe 0.344 0.764 | 0.275 0.463 | 0.281 0.603 | 0.268 0.650
GAT 0.373  0.770 | 0.264 0.557 | 0.318 0.752 | 0.265 0.521
GAT-, pg 0372 0.839 | 0.274 0.652 | 0.280 0.635 | 0.264 0.613

GCN 0.399 0.847 | 0.277 0.582 | 0.366 0.868 | 0.290 0.632
TTN 0.475 0.953 | 0.291 0.619 | 0.326  0.747 | 0.283 0.674
TCNN 0.343  0.668 | 0.292  0.694 | 0332 0.695 | 0.284 0.548

Masked GTN 0.390 0.875 | 0312  0.653 | 0.370 0.770 | 0.266 0.556
Masked GTN- pg 0.357 0.862 | 0.265 0.522 | 0.296 0.712 | 0.254 0.441
Masked GAT 0379  0.769 | 0.297 0.649 | 0.347 0.734 | 0.258 0.487
Masked GAT-, pg 0.383  0.884 | 0.284 0.624 | 0.299  0.649 | 0.269 0.666

Masked GCN 0.414 0.881 | 0.302 0.614 | 0.326 0.814 | 0.280 0.615
Masked TTN 0.475 0.953 | 0.269 0.600 | 0.371 0.782 | 0.276 0.569
Masked TCNN 0.451  0.767 | 0.290 0.619 | 0.324 0.732 | 0.265 0.634

B GTN* M Masked TCNN lGTN

9 14 22 56 61 63 72 90 96 105
Query template id

Figure 11: Latency prediction improvement with augmented
data
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(3) Predicate Generation
(4) LLM augmentation
Our query generation produces two datasets for training: the

Snowflake dataset and the LLM-augmented dataset. The Snowflake
dataset consists of queries structured as a simple join with a predi-
cate; we test these queries to ensure they return a non-empty answer
set. The LLM-augmented dataset is created by using an LLM to
modify Snowflake queries, yielding queries with more complex and
diverse structures.

F.1 Column-wise statistics

To guarantee not empty answer sets we collect histograms and most
common values (MCV) from the datasets to guide the predicate
generation. We extract histograms to generate range predicates and
most common values for equality and IN-list predicates.

F.2 Join structure generation

We generate a unique join structure based on a subgraph of the
database, where each table is a node and each foreign key is an
edge. We take as input the foreign-key graph, the set of previously
seen subgraphs, the maximum number of hops allowed, and the
probability of keeping an edge; we then output a new, unseen sub-
graph that serves as a unique join signature. The algorithm uses a
breadth-first search: starting from a fact table, for each neighbor we
use the keep edge parameter to randomly decide whether to include
that foreign key. If we include a foreign key, we add the connected
table to the BFS queue and continue until we reach the maximum
number of hops. If the newly generated subgraph has been seen

before, we retry until we either find a new subgraph or exhaust the
retry limit.

F.3 Predicate Generation

Given a join signature we generate a list of predicates that don’t
result in an empty answer set. We take as input a subgraph of the
foreign key graph, and a list of desired predicates (range, equality
and IN-list); we generate the amount of desired predicates while
guaranteeing that each individual predicate returns a non-empty
answer set. For each predicate we start by randomly selecting a
column to add a predicate on. If we are to generate a range predicate
we have a parameter of the minimum selectivity, and thus select a
range that guarantees that selectivity based on a previously com-
puted histogram. If we are to generate an equality predicate we use
a parameter of minimum relative frequency and use most common
values to find a valid candidate; if no candidate is available we skip
the generation of this predicate. A similar process to equality is
done for IN-list predicate with the addition of extra elements taken
from the histogram boundary to fill a desired list length. Finally to
make sure that a set of predicates don’t have an empty answer set
we run the query to check the size.

F.4 LLM augmentation

In LLM augmentation we choose one query generated by the snowflake
query generation pipeline. As swon in Listing 1 we then use an
LLM to add one of the following extensions:

(1) Group by

(2) Group by rollup

(3) Group by order by

(4) Nested join exists

(5) Window function

(6) Self join

(7) Nested join with in predicate

(8) Inequality join

(9) Outer join
We manually add Union queries by using queries that derive from
the same join signature but vary in predicates.

Listing 1: LLM Prompt Template

System: "You are a database expert writing
TPC-DS queries
with challenging and diverse queries.

to test your current database

"

User: "Modify this

a self -join,

query by adding
preserving all existing
predicates: {snowflake_query}"

F.5 Generated Datasets

Using both of our pipelines (LLM and Snowflake) we generate
datasets for the TPCDS and IMDB datasets to boost the performance
of models in the TPCDS and JOB benchmark respectively.



Dataset # of Tables Templates # Queries Count Operation

TPC-DS 1-13 99 48793 734 group by order by

TPC-DS Star join filtered 1-4 4821 30000 717  group by

TPC-DS Star join complete 1-9 5518 55180 576  inequality join

TPCDS Snowflake 2-14 2043 9741 617 outer join

LLM 1 2-15 19 5016 565 self join

LLM 2 2-14 18 3310 454 window function
Table 15: TPCDS query statistics 270 nested join with exists

372 nested join with IN
463 group by rollup
248 union

Table 18: LLM Operation frequencies

Dataset # of Joins Templates # Queries
JOB Full 5-16 31 113
J gi llght 1-4 23 70 F.5.4 TPCDS LLM2 3.5k. We generate an LLM dataset from join
JC EBtraln 0-2 21 100000 signatures not used in TPCDS SNOWFLAKE 10k picking the top

B heti =15 15 13646 500 signatures which embeddings are the furthest away and thus
JO synt. ?tlc 0-2 20 >000 offer the most valuable information to the model. The distribution
JOB starjoin 3-4 180 27371 . .

is shown in Table 19.

JOB snowflake 1-10 859 20311
Table 16: JOB dataset signature and query statistics

Count Operation

674 group by order by
489 group by
247  inequality join

Dataset EQUALITY RANGE INLIST LIKE 397 outer join

JOB Full Yes Yes Yes No 151  self join

JOB light Yes Yes No No 224 window function

JOB train Yes Yes No No 414 nested join with exists

CEB Yes Yes Yes Yes 412 nested join with IN

JOB synthetic Yes Yes No No 328 group by rollup

JOB starjoin Yes Yes No No - .
JOB snowflake Yes Yes Yes No Table 19: LLM2 Operation frequencies

Table 17: Predicate supported across JOB and CEB datasets.

Additionally CEB is the only one that has Group by and Order
by. F.5.5 TPCDS. Our test data set is composed of TPCDS and JOB.

The actual distribution of operators in TPCDS is shown in Table 20.

F.5.1 JOBSNOWFLAKE. We generate dataset containing 20k queries Probability  Operation
with 859 unique join signatures. For the IMDB benchmark we con- 0.718 Equality
sider only the title table as the only fact table. 0.372 Range

0.388  IN-list
0.834  Group by
0.883  Order by

F.5.2 TPCDS SNOWFLAKE 10k. We generate 9741 queries with
2043 distinct join signatures.

F.5.3 TPCDS LLM 5k. Using a sample of 2000 distinct joins We 0.174 Union
generate 5016 queries that contain the operations shown in Table 0.019 Anti join

18. We add three different predicates with different probabilities, 0.136 Inequality join
equality (61% of queries), range predicates (91% of queries) and 0.214  Self join
IN-list predicates (25% of queries). 0.097 Outer join

0.029 Many-to-many join
0.175 Nested join

Table 20: Operation frequencies
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Figure 12: Query latencies for the datasets in TPCDS.

G QUERY FILTERING USING GTN
EMBEDDING SPACE

We filter the queries based on the following procedure:

(1) PCA is applied on the training set to determine the number
of dimensions to keep with UMAP. We set the threshold at
the minimum number of dimensions such that the cumula-
tive sum of the explained variance is above 90%.

(2) A UMAP embedder [56] is fitted to the training data (train-
ing data GTN embeddings).

(3) The queries to be filtered are passed through the GTN to
extract their embeddings.

(4) The embeddings are passed through the fitted UMAP.

(5) The pairwise distance between every synthetic query and
the training set is computed.

(6) For each synthetic query, select the 100 closest queries in
the training set, and compute the average distance.

(7) (Optional) When trained using a k-fold strategy, the metrics
are aggregated across the folds (for instance, by taking the
median)

The threshold applied can be determined based on the number
of queries to be kept (e.g., 30% of the queries or 10,000 queries).
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Figure 13: Query latencies for the datasets in IMDB dataset.
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Figure 14: Query shuffle read for datatasets in TPCDS.
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