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In the realm of big data and cloud analytics, efficiently managing and retrieving high-dimensional data presents
a critical challenge. Traditional indexes often struggle with the storage overhead inherent in large datasets.
There is a growing interest in the adoption of Small Materialize Aggregation (SMA) among cloud database
vendors due to its ability to maintain lightweight block-level metadata, facilitating efficient block skipping.
However, SMA performance relies heavily on data layout. This is especially critical in scenarios with wide
tables containing hundreds of dimensions, where the curse of dimensionality exacerbates the issue. In this
paper, we propose ADACURVE, a novel approach aimed at enhancing block skipping in high-dimensional
datasets through adaptive optimization of data layout. Unlike conventional static and non-adaptive space-
filling curves (SFCs), ADACURVE leverages machine learning to develop an adaptive curve—a dynamically
adjusting optimal projection function tailored to high-dimensional workloads and data characteristics. We
introduce an attention-based network to handle high-dimensional data and a learnable objective for training
adaptive curves in an end-to-end manner. Extensive experiments conducted on the Spark with real-world
datasets demonstrate the effectiveness of ADACUrRVE. We have shown that ADACURVE effectively scales to
datasets with dimensions of up to 1,000 columns, achieving a 2.8X improvement in block skipping compared
to SFCs.
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1 Introduction

In the big data era, data movement within cloud environments is essential for analytics. Leading
cloud database providers like Databricks and Amazon Redshift have adopted columnar storage,
which organizes data vertically into blocks that enhance compression and efficiency by allowing the
system to skip irrelevant columns. These blocks form the smallest units for I/O operations. However,
with the separation of computing and storage in modern cloud setups, where data is stored remotely,
the cost of I/O operations has significantly increased. To reduce the I/O cost, traditional indexing
methods like B-trees, R-trees, and KD-trees, once popular in early analytics systems, now struggle
to meet the demands of large-scale cloud environments due to their substantial storage overhead
and maintenance costs [62].

Small Materialized Aggregations (SMA) [39] are increasingly popular as effective, lightweight
indexing methods in modern data management, particularly in analytics systems using columnar
storage formats like Parquet and ORC. SMA stores minimum and maximum statistics to efficiently
skip irrelevant data blocks, thereby reducing unnecessary I/O operations and enhancing data
retrieval efficiency. Unlike indexes such as B-Trees, SMA remains effective for block skipping even
when data or query patterns change, eliminating the need for immediate data layout updates or
reorganization. However, the success of SMA depends on data being properly clustered with no
overlapping min/max values between blocks. Simple strategies such as sorting or range-partitioning
can achieve this for one-dimensional data. Nonetheless, managing enterprise-level wide tables,
which can encompass hundreds to thousands of dimensions, is a formidable task [11, 30]. For
instance, sorting one column can inadvertently affect others’ clustering properties. When handling
workloads that cover tens or hundreds of columns, the block-skipping performance decreases
significantly. In summary, this complexity brings three fundamental challenges that require the
data layout to adapt to (1) high-dimensionality, (2) specific data characteristics, and (3) particular
workload patterns, as detailed in Section 3.2.

To solve multi-dimensional data skipping problems, Space-Filling Curves (SFCs) such as Z-
order [43] and Hilbert curves [42] have been used to convert multi-dimensional data into one-
dimensional sequences, which enhance the compactness of ranges in SMA and preserving data
proximity [36, 57]. However, a major drawback of SFCs is that they cannot adapt to specific
workloads or data. They require a complex configuration tuning process based on factors like query
selectivity and data distribution [18, 19], which is a nontrivial task and beyond human capabilities.
Recent learning-based approaches [22, 37, 48] aim to tailor SFCs to specific datasets and workloads
by integrating various bit-merge patterns to generate SFC combinations. Despite these innovations,
SFC-based methods still face challenges with scalability in terms of performance and computational
efficiency. As the number of dimensions increases, performance can degrade to near-linear search
levels, and high dimensionality introduces significant computational overhead. Additionally, we
argue that the optimal data layout goes far beyond the combination of SFCs. Therefore, it is essential
to explore more comprehensive data layout strategies.

In this paper, we address these limitations by introducing the concept of the adaptive curve — an
end-to-end projection function that maps multi-dimensional tuples to a sort key, aiming to optimize
data layout for enhanced data-skipping performance and efficiency. To the best of our knowledge,
the adaptive curve is the first approach to simultaneously unify and optimize the aforementioned
fundamental challenges.

Proc. ACM Manag. Data, Vol. 3, No. 1 (SIGMOD), Article 60. Publication date: February 2025.


https://doi.org/10.1145/3709710

Optimizing Block Skipping for High-Dimensional Data with Learned Adaptive Curve 60:3

We propose ADACURVE, which approximates the optimal projection function by training a
Machine Learning (ML) model. Learning the projection function offers several benefits: (1) The
adaptive curve enables a more comprehensive exploration of the data layout’s potential. Unlike
SFCs-based methods [22, 37], the adaptive curve is a projection function without relying on the
SFC family or human-designed rules such as bit merging patterns. (2) The adaptive curve is more
adaptive. End-to-end learning enables automated feature selection, which makes it easier to handle
high-dimensional data or complex workloads. ML algorithms, such as autoencoders [27], can
analyze datasets to discover patterns and retain key information. (3) The adaptive curve generates
sort keys efficiently. The idea of the learned index has demonstrated extensively that the learned
component has a much faster inference time than tree traversal [34, 35] or bit interleaving [49, 56].
These advantages enable our method to generate sort orders for scalable data layouts.

Although the concept is straightforward, learning an optimal projection function is non-trivial:
(1) The first challenge is how to effectively integrate the influence of both data characteristics
and workload patterns. (2) The second challenge is how to accurately quantify scan cost (i.e., the
number of data blocks to retrieve) to enable effective end-to-end training. For the first challenge,
we design a compression-decompression architecture to effectively merge and filter features from
both data and workloads through the process of feature compression. We utilize an attention-based
feature selector [10] as the fundamental building block in the adaptive curve to learn and reduce
high-dimensional data to a sparse vector, as many columns contribute minimally to the computation
of the sort key. The attention-based feature selector is particularly effective in high-dimensional
spaces and shares a similar motivation with traditional SFCs (as shown in Section 5.2). To address
the second challenge, we approximate the scan cost by converting sort keys into differentiable block
indices and aggregating the blocks that need to be scanned. The proposed scan cost is proven to
reduce false positive blocks effectively. Lastly, with our great adaptive nature of ADACURVE, our
learned curve can be adaptive to dynamic data and workloads by incremental model updating and
partial cluster reorganization.

In summary, we conclude our main contributions as follows:

e We are the first to introduce the concept of learning an end-to-end adaptive curve, which offers a
more comprehensive layout search space and greater adaptability compared to SFCs.

o We propose learning an attention-based adaptive curve to simultaneously unify and optimize data
and workload features, enabling scalability to high-dimensional and dynamic scenarios. Additionally,
we make the measurement of scan cost differentiable to facilitate an effective learning process.

e We conduct extensive experiments on the open-source data processing engine Spark, demon-
strating the superiority of our method in block skipping. ADACURVE effectively optimizes datasets
with up to 1,000 dimensions, showcasing robust scalability in complex data settings.

2 Related Works

Data Skipping. In analytical databases, data skipping [50] has emerged as a powerful tool for
enhancing query performance and efficiency. The core idea behind data skipping is to avoid
unnecessary data access, particularly in scenarios involving large datasets or scan-oriented queries.
We categorize data-skipping methods into two types: index-based and transformation-based, based
on whether they maintain and store an explicit index structure or rely on lightweight aggregation
techniques for skipping data.

Index-based Methods. The index-based methods rely on maintaining explicit index structures,
such as the B-Tree family, grid file [46], R-tree [26], or Kd-tree [12], to facilitate data skipping. These
methods can effectively partition and organize data, providing precise data access, especially in
multi-dimensional scenarios. However, these indexes cannot learn from specific workloads and thus

Proc. ACM Manag. Data, Vol. 3, No. 1 (SIGMOD), Article 60. Publication date: February 2025.



60:4 Chen et al.

lack the opportunity to achieve superior performance. Recently, Flood [44] and Tsunami [20] have
introduced data space partitioning methods based on workload distribution and the Cumulative
Distribution Function (CDF) of each dimension. In addition, instead of partitioning data based on
data distribution, Sun et al. [52, 53] extract predicates from workload and partition data based on
workload pattern. They also maintain more block-level metadata (i.e., predicates) for aggressive
block skipping. Following a similar idea, Qd-tree [59] and its variants [19] propose to use fine-
grained predicates from workload to partition multi-dimensional space. While fine-grained block
skipping has shown potential, it carries a risk of overfitting to specific workloads and might lack
the necessary robustness for adaptive learning from data.

Transformation-based Methods. Transformation-based Methods use lightweight aggregation
techniques such as small materialized aggregates (SMA) [39] and zone map [25] to skip irrelevant
data at a coarse block level. These methods maintain precomputed aggregate values or data distri-
bution statistics to facilitate data skipping. Transformation-based approaches are generally more
lightweight because they do not require maintaining complex index structures, making them better
suited for large-scale, dynamic datasets. Their effectiveness, however, is highly dependent on data
layout. Since there is no natural sort order for multi-dimensional data, transformation-based meth-
ods manipulate the blocking scheme by converting multi-dimensional data into one-dimensional
sort keys. The space-filling curve (SFC) is a common transformation technique. SFCs such as,
C-curve [28], Z order [43] and Hilbert curves [42] are widely used to sort multi-dimensional data in
current database systems [1-4, 47]. Various works [40, 41] have demonstrated that SFCs have great
locality-preservation properties, which helps cluster neighbor data points in a multidimensional
space. However, SFCs require careful tuning (e.g., specifying column combinations) to achieve
optimal performance and cannot adapt to workload or data characteristics. Recently, learning-based
SFCs [22, 37, 48] have attempted to harness ML techniques to acquire a projection function derived
from a combination of SFCs. Additionally, distance-based projection functions [17, 29, 58] have
been employed to cluster multidimensional data points by sorting data based on their distance
from the cluster center. However, none of these approaches have demonstrated effectiveness in
high-dimensional datasets or the ability to generalize beyond the SFC family.

Index-based vs. Transformation-based Data Layouts. Both of them have distinct advantages

and limitations. Despite index-based methods achieving promising performance, in this work, we
focus on optimizing transformation-based methods for the following reasons: 1) Wide application.
Recent trends in data warehouses leverage data compression and clustering for effective data
skipping instead of index structures [62]. SMA is widely adopted in modern data analytics systems
such as Amazon DynamoDB [3], Databricks [4], and HBase [47]. 2) Ease of deployment. Index-
based methods can provide high precision and efficient query performance by maintaining detailed
index structures. However, these methods come with storage and maintenance costs in large, high-
dimensional datasets [24, 39]. Transformation-based methods with SMA are lightweight, involving
only sort key generation and storing summarized information, making them more space-efficient.
Especially for dynamic situation, SMA remains effective for block skipping even when data or
query patterns change, allowing partial data layout updates to be performed lazily without blocking
queries.

3 Problem Definition & Challenges
3.1 Problem Definition

Given a set of multi-dimensional tuples 77, each tuple t has n dimensions, denoted as t = (dy,d, - - - , dp).
We aim to partition 7~ into a set of fix-sized blocks, denoted as B8 = {b1, by, - - - , by }, where |b;| = |b}]
for Vi, j. Each block is a collection of non-overlapping subsets of 7. The union of every block b
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forms 7. A block is the smallest unit for I/O operations. During query planning, each block will be
determined whether it can be skipped or not for the given query g; by an SMA index:

DEFINITION 1 (SMALL MATERIALIZED AGGREGATES, SMA). In database systems, SMA store precom-
puted summary statistics including minimums and maximums of each dimension in a block, aiming
to reduce unnecessary I/O during query planning.

Each block or query field is represented by F(-) C R", defined as F(-) = [min(d;), max(d;)] X
[min(d,), max(d,)]X...x[min(d,), max(d,)]. This represents the range of maximum and minimum
values across all dimensions for the tuples in a block or as specified by a query. For a given block b;
and query g;, we use a function S(b;, ;) to denote the filtering condition of the SMA index:

1, if F(b;) N F(q;) # 0

0, otherwise

S5(biq;) = { (1)
where S(b;, q;) is a binary function that determines whether block b; will be scanned by query g;
or not. The filtering condition is determined by the simultaneous intersection of n dimensions. For
instance, S(b;, q;) = 1 when the field defined by the block b; intersects with the query’s range.

In this paper, we mainly focus on optimizing the scan cost of a workload ‘W = {q1,92," - - , qm}
on the tuple set 7. We calculate the scan cost based on the number of scanned blocks:
C(W,8)= > > S(biq)) @)
bieBgqgjeW

Previous works [21, 59] have shown that the scan cost is proportional to the execution time for the
scan-oriented workload.

The problem of optimal data layout and partitioning centers on identifying a partition function
that maps each tuple in 7 to a specific block ID, indicating the disk storage location for each
tuple. This function is required to minimize the scanning cost C(‘W, 8) for a given workload W.
Equivalently, we aim to learn a projection function P:

P:R" — R,

which maps a n-dimensional tuple to a sort key determining the relative position of the input tuple
in the tuple set. The block ID can be simply calculated as |rank(tuple)/|b|]. Thus, we can define
the optimal sort order problem as follows:

PROBLEM 1 (OPTIMAL SORT ORDER). Given a set of tuple 7 and a workload ‘W, a skipping function
S, fixed block size |b|, find the optimal projection function P that minimizes the scan cost C(‘W, B).

SFCs are specialized solutions for the Problem 1 offering optimization in simpler scenarios.
However, their performance cannot be guaranteed in complex real-world scenarios. Both traditional
and recent learning-based approaches still face challenges that will be discussed in the next
subsection, indicating a significant opportunity for exploration beyond the existing SFC family to
discover new solutions.

3.2 Challenges

In this section, we identify three fundamental challenges. Addressing these challenges can signifi-
cantly enhance the effectiveness of data skipping, which serves as the primary motivation for the
development of our method.

Challenges 1: Adaptation to High Dimension. High dimensions can impede the effectiveness
of data skipping. As the number of dimensions increases, the effectiveness of SFCs in preserving the
locality of data, which is crucial for efficient retrieval, decreases dramatically. In our empirical study
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Table 1. An empirical study on the curse of dimensionality.

1D 2D 3D 4D 5D 6D 7D 8D

Block # 388 182 126 90 108 136 143 152
Rows  230.9k 915.3k 405.6k 213.1k 174.7k 1459k 145.7k 143.1k

using the TPC-H (100X) dataset, we examined the effect of dimensionality on block skipping with
the Z-order curve. Table 1 shows the scan cost (number of blocks) for different column combinations.
We select the most selective column in each combination. Initially, the scan cost drops from 388
blocks in 1D to 90 in 4D as dimensions increase. However, expanding from 5D to 8D reverses this
trend, with scans peaking at 152 blocks for 8D, demonstrating the curse of dimensionality’s impact
on efficiency despite selecting "essential” dimensions.

Challenges 2: Adaptation to Data Characteristics. Data characteristics including data distribu-
tion and correlation can significantly influence the efficacy of data skipping. For the data distribution,
limited value ranges in fields reduce traditional SFC effectiveness, while high cardinality fields show
better SFC performance. For the data correlation, previous studies [23, 32, 45] have proven that
utilizing column correlations through soft functional dependencies can significantly improve data
skipping, optimizing data organization, and aiding in dimensionality reduction. Thus, a nuanced
understanding of the dataset’s specific characteristics to effectively tailor the data skipping is a key
challenge.

Table 2. An empirical study on the effectiveness of workload pattern.

Col1 Col2 Col3 Col4 Col5 Col6 Col7 Cols8

Block # 388 398 445 552 824 811 824 842
Rows  230.9k 238.2k 265.2k 329.1k 492.1k 483.9k 492.2k 501.5k

Challenges 3: Adaptation to Workload Pattern. Customizing data access to match actual work-
load patterns can greatly improve data skipping by focusing on the most relevant data segments,
thereby enhancing system efficiency. However, identifying an appropriate workload pattern be-
comes challenging when the workload is complex, involving numerous queries that span a wide
range of columns [52, 59]. In our preliminary experiment, as reported in Table 2, we kept the
dimensions (1D) of the sorting keys fixed and varied the sorting column to mitigate the effects
of dimensionality. Rows in Table 2 represents the number of selected rows for the workload on a
given column. The selectivity (as a way to measure workload patterns) largely reflects the number
of blocks scanned. However, this trend may not hold under more complex conditions, necessitating
further in-depth investigation.

Our Insight: Adaptability is the key. In fields like IoT and healthcare, where datasets are often
high-dimensional (more than 100 dimensions) and complex [14, 55, 61], SFCs demand expert tuning.
ML approaches offer a promising alternative, enabling adaptive and self-improving block-skipping
mechanisms that minimize manual tuning. This advancement brings us closer to autonomous,
intelligent databases that are well-suited for the dynamic demands of modern data analysis. Never-
theless, current research on ML-enhanced data skipping [22, 37] largely focuses on datasets with
fewer than 10 dimensions, leaving the high-dimensional domain less explored. Our approach is a
learning-based mapping function, without the constraints of traditional SFC patterns, capable of
adapting to specific datasets and workloads, and surpasses what manual methods can achieve.
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4 Overview

We present an overview of a block-skipping framework called ADACURVE, designed to learn a
block partitioning layout for multi-dimensional datasets and workloads. ADACURVE aims to create
an optimal layout that minimizes the scan cost (as defined in Section 3.1) for specific datasets
and workloads. The framework consists of two main components: (1) Online Inference, which
applies the learned partition, and (2) Offline Optimization, which optimizes the block partition. The
framework is depicted in Figure 1.

Online Inference. ADACURVE generates the data layout under the guidance of a learned adaptive
curve. The adaptive curve takes a tuple as input and outputs a sort key, which assigns tuples to
horizontal partitions called blocks. SMA is then generated and stored for each block. For dynamic
data or workloads, we support partial and lazy updates to the adaptive curve and data layout to
balance performance with the overhead of reorganization (detailed in Section 7).

Learned Adaptive Curve. ADACURVE approximates the optimal projection function by training

a neural network. ADACURVE utilizes a compression-decompression architecture consisting of
a compression model, a decompression model, and a ranking model as shown in Figure 1. This
architecture is designed to merge data and workload features effectively. For online inference, high-
dimensional data is transformed into lower-dimensional vectors by the compression model and
ranked by the ranking model. During offline optimization, these models are trained concurrently
to learn knowledge from both the data and the workload.
Offline Optimization. ADACURVE learns the adaptive curve through end-to-end backpropagation,
reducing reliance on manual feature engineering and heuristic tuning. This phase includes two key
aspects: learning from workload and learning from data. Learning from workload uses a differentiable
sorting operator to measure approximate scan costs. To reduce false positives in block scanning, we
enhance the training procedure by contrastive learning. Learning from data employs an autoencoder
to compress and then reconstruct input vectors, capturing essential data patterns and reducing
dimensionality.

Note that both learning processes are integrated and scaled through a training loop designed
for large datasets and workloads, ensuring the adaptive curve is robust and well-tuned before
deployment. This approach facilitates a seamless transition to real-world data handling scenarios.
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5 Adaptive Curve

ADACURVE aims to learn an adaptive curve that is tailored to specific data and workloads for block
skipping. In this section, we first describe the featurization strategy. Then we illustrate how to
build an adaptive curve model.

5.1 Featurization

The featurization module will encode basic features from multi-dimensional tuples into embedding
vectors for neural network consumption. Previous work [33, 60] use one-hot encoding or embedding
to represent high-dimensional tuples. However, these methods are limited by the domain size and
number of dimensions, which can lead to a large number of parameters and redundant features.
Since ADACURVE aims to learn the optimal sort key for a multi-dimensional dataset, the sort keys
from every single attribute are key factors. Therefore, we propose to project every column into
rank space. We denote the feature vector as T.
Rank Space Encoding. Specifically, for every column A, we first get the domain of the column

denoted as dom(A) = {v1, vy, ..., v, }, where v is the unique value from column A. Then we sort the
dom(A) = {v;,,v;,, ..., v;, } based on its value, where v;, < v;, < ... < v;,. Next we build kK number
of buckets b; = {v;;,0i,, .- 0ij,, } for dom(A), where 1 <= j <= k and there are m elements in
the bucket. Finally, column A; can be mapped into the bucket index T'(v;) = j satisfying v; € b;.
For example, column A = {cherry, apple, banana} can be mapped to rank index {3, 1, 2} based on
alphabetical order. Such mapping can be achieved by scanning the dataset or acquiring from the
histogram. The size of bucket k can be tuned based on the complexity of data distribution or data
shifting. Large k makes the feature more accurate because it can better capture the fine-grained
differences in the data. Large k loses the ability to generalize to new data because it makes the
feature more dependent on the training data. Therefore, it is important to choose the size of k
carefully based on the specific application.

Design Space. For high-dimensional data, richer encodings can be used, such as: 1) Adding the
probability distribution value of each unique value can make the model more robust in cases where
the data and workload are changing. 2) Using bit encoding for each value (similar to SFCs). In this
study, only the rank value is used as a feature, and it is able to perform well.

5.2 Adaptive with Attention

Next, we present ADACURVE learning-based adaptive curve, which consists of our attention blocks.
It aims to give the sort key for a given tuple. Before we give a formal description of ADACURVE
neural network architecture, it is worth briefly introducing the human-engineering projection
function.

Bit Merging
L0 %20 4120
111000]

Attention Calculation

"[!! - 1

1.-1

'100 110
L t@ =4 W=¢p!

Fig. 2. Attention Mechanism Compared with Bit Merging.

Background. SFCs are essentially functions that compress high-dimensional space information
into one dimension. The bit merging operation of SFCs can be expressed as the following equation.
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Fig. 3. Scan Cost Measurement Pipline.

F(x;0) = Zd:i ) 3)

i=1 j=1
The equation provided represents a generic form of a function that could be used to map a tuple
t in a d-dimensional space to a point in one-dimensional space, using a set of parameters 6. 0
could be thought of as weights applied to each element t; (¢; € t) of the high-dimensional space.

¢ Zf ; indicates that the function sums over all dimensions d and all components K within each
dlmenswn The concept of bit merging in SFCs can be seen as a form of weighted sum where each
bit or component from the multi-dimensional data is combined in a way that reflects its position
within the overall structure of the curve. The weights (in this case, represented by the parameters
0e {202 ..., 2d'K } determine the significance of each bit’s position when calculating the final
one-dimensional value. For tasks like data indexing and retrieval, it allows for efficient storage and
search operations.

However, human-engineered patterns in SFCs are difficult to be effective and adaptive in complex

situations. Therefore, we argue that it is better to learn a mapping function without rule constraints,
which can be adaptively served for specific data and workloads.
Attention Block. The attention mechanism in deep learning models, particularly in neural net-
works, is used to weigh the importance of different parts of the input data [10]. It’s a dynamic
process where the weights (attention scores) are learned from the data itself during the training
process. In our setting, the SFC family can be regarded as a special solution to achieve dimen-
sional transformation. In comparison, as shown in Figure 2, the attention mechanism is more
comprehensive.

Our attention mechanism translates input data into attention scores using a network of four
linear transformations and nonlinear activations. The attention scores, A = fittention (T, are derived
directly from the input T through this network. These scores are then normalized into a probability
distribution, known as attention weights W = Softmax(A), using the softmax function.

The final output O is the element-wise product of the original input T and the attention weights
W, which scale each element of the input by its respective importance as determined by the model:

0=ToW )

Compared with SFC bit merging, the attention mechanism is data-driven and learns to assign
weights during the training of the neural network, while SFC bit merging uses a fixed, predetermined
set of weights. Mathematically, the attention mechanism’s weights are probabilities that sum up to
1 over each dimension, ensuring a distribution of “focus” across the dimensions. SFC bit merging
weights are usually not probabilities but are instead based on the positional significance of each bit
in the binary representation.
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Then, the output of the attention mechanism O is enhanced by a series of transformations
including residual connections, layer normalization [9], and a feedforward network akin to the
Transformer architecture [54], promoting a comprehensive integration across all dimensions.

The above description forms the basis of our attention block, which is a fundamental component
of the adaptive curve. Each layer of the attention block can filter or compress input features. In
addition, each attention block is stackable for deep feature learning.

6 Optimizing Adaptive Curve
In this section, we illustrate how to optimize the adaptive curve including two learning objectives:
learning from workload and learning from data. Then we illustrate the whole training loop.

6.1 Learning from Workload

The score generation process is denoted as the inference part in Figure 3. ADACURVE utilizes a
compression model M and a ranking model R that maps each high-dimensional input data T to
a one-dimensional scalar S, thereby enabling the ordering of the original high-dimensional data
based on such scalar. Specifically, the compression model, consisting of our attention blocks, will
first compress the high-dimensional input data into a lower-dimensional dense vector X, denoted
as M : R" — RZ. h is the original dimension and ! is the predefined lower dimension. In this work,
we specifically target a reduction to 16 dimensions for inputs exceeding 100 dimensions. Then, the
ranking model R, consisting of basic multi-layer perceptron, will transform the lower-dimensional
vector R! into a scalar S, denoted as R : R — R. Once all the data has been scored, the overall
ordering of the data and the allocation of blocks are determined.

The scan cost measurement pipeline is shown in Figure 3. For learning from workload, we
optimize the adaptive curve in two aspects: global cost and local cost. The global cost measures the
clustering property of the data approximately. We measure the global cost for every true positive
block, i.e., each retrieved block that contains the data points required by the query. The local cost
reflects the number of false positive points so we only measure it on the false positive blocks,
i.e., each retrieved block that does not contain the data points required by the query. Both cost
measurement helps the model converge to a better solution, thus their summation constitutes the
scan cost.

The definition of scan cost in Section 3.1 is the number of blocks that need to be scanned. A key

challenge in measuring the scan cost is to quantify this value accurately and make it differentiable
for model training. Our key insight is that we can convert the score of each data point S into an
equidistant rank index based on its sort order, denoted as R(S), and then calculate the scan cost by
adding or subtracting these indices. However, the ranking operator is typically non-differentiable.
To solve that, we employ a soft rank operator as an approximation to convert the scoring values into
ranking indices [13]. The soft rank operator approximates the ranking indices by transforming the
ranking process into a differentiable operation through linear programming within the permutation
polytope, thus enabling gradient-based optimization.
Global Cost. To this end, ADACURVE designs a differentiable cost calculation method with the
supervision from the given workload. Once we obtain the ranking indices R(s), for every true
positive block, we accumulate the global cost by calculating the differences between adjacent true
positive data points in those blocks denoted as following:

Lotobaicost =, (IR(S1) = R(S)1), 5)

Si,Sj €By
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where R(S;) and R(S;) denote the rank indices of tuples within the same scanned blocks, and R(S;)
and R(S;) are adjacent true positive points. The identification of true positive points is based on
the supervision of workloads.

As shown in Figure 4, the red area represents the blocks for which the cost needs to be computed,
with three blocks covered by the query: B2, B3, and B4 based on updated SMA for each block. We
will use rank indices for all the true positive data (denoted in red range) that needs to be scanned
in the above three blocks. In Figure 4, assuming the first query range covers indices 6 to 9, then the
differences between all points from 6 to 9 need to be calculated sequentially.

RankRank Rank Rank

/f/z 5 10

| + I I I | |

I T T
Bl B2 B3 B4 B5 B6 B7 B8

Bl Query Range H Block

Fig. 4. Measure Global Cost in a Differentiable Way.

Local Cost. Eliminating false positives is a critical issue for block retrieval to achieve better
performance. Therefore, we design a local cost metric to approximate the scan cost of false positive
data blocks and help reduce false positives simultaneously. We use Figure 5 to illustrate the basic
idea.

We assume that each two rows of data constitutes a block, and the minimum and maximum
values of each block are given. The query predicate is to select records with ages between 55 and
65 and saving greater than 50. In this example, for the black table on the left, because the min-max
range of each block overlaps with the query condition, the query engine cannot skip any block.

In the case of block 2, despite the tuples within failing to satisfy the specified query predicates
(e.g., the age for ID 4 is 80, exceeding the targeted range of 55 to 65 years), the range of age within
this block (40 to 80 years) intersects with the query predicate. Consequently, block 2 cannot be
skipped, under the presumption that it might contain relevant data. In this context, “False Positive"
signifies the mistaken presumption that a block may contain data meeting the query’s criteria,
potentially causing redundant scan cost. In practice, this phenomenon is exceedingly common,
particularly in the context of queries with low selectivity.

By leveraging the principles of Supervised Contrastive Learning (SCL) as outlined by Khosla et
al. [31], we train our model to exhibit a clustering behavior characterized by two key strategies:
1) Encouraging divergence within false positive points: Within a block identified as a false positive,
where a pair of tuples intersect with the query’s range, we encourage these tuples to be positioned
as far apart from each other as possible. This strategy aims to mitigate the impact of false positives
by reducing their likelihood of collectively influencing block skipping. 2) Promoting proximity
among tuples located at the block boundaries: Conversely, we advocate for the close arrangement
of tuple pairs especially at the block boundaries that do not intersect with the query’s range. In
this way, we enhance the model’s ability to form coherent clusters of non-relevant data, thereby
facilitating block skipping. For example, in blocks identified as false positives where tuples cause
the SMA range to intersect with the query condition, we aim to distance such tuples as much as
possible (e.g., ID 3 and ID 4). Conversely, we strive to position tuples like ID 3 and ID 1 closer
together, as they can facilitate block skipping. The local cost loss is defined as follows:
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Fig. 5. Eliminating False Positive with Supervised Contrastive Learning.
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the first part, R(Smax) — R(Smin), represents the distance between a tuple pair located at the block

boundary, having the largest and smallest rank indices, respectively. In second part, R(S%m )—R(S%mm,

contains tuple T,y and the tuple Ty, since the interval of the two points overlaps with the query

condition. Specifically, we pick data points with the maximum and minimum value for each column

a € A.

Finally, the total scan cost is approximated by the summation of global cost and local cost:

LiocalCost = R(Smax) - R(Smin) - (6)

LscancCost = LalobalCost *+ LLocalCosts (7)

the adaptive curve targets to minimize the overall scan cost, optimizing for both the clustering
of true positive points (global cost) and the minimization of false positive blocks (local cost). The
similar ranking-based methods are also applied in other database learned components [15, 16].

6.2 Learning from the Data

Autoencoders [27] are powerful tools for learning representations of high-dimensional data, of-
ten used for dimensionality reduction and feature learning. Autoencoders can compress high-
dimensional data into a lower-dimensional space (latent space). This is particularly useful to
alleviate the curse of dimensionality. By learning to reconstruct the original input, autoencoders
inherently learn useful features from the data. This can lead to more efficient representations that
can improve the performance of downstream tasks.

Consider an autoencoder with an input T € R”, where h is the dimensionality of the input space.
The autoencoder consists of two main components: the encoder and the decoder. The encoder M
maps the input to a lower-dimensional space Z:

M:RF S RL Z = M(T;0y) (8)

where | < h and ) represents the parameters of the encoder. It is noteworthy that the encoder
mentioned here refers to the compression model M we discussed earlier.
The decoder D attempts to reconstruct the input from the compressed representation Z:

D:R' 5 Rh T =D(Z;6p) ©)

where 0p represents the parameters of the decoder.
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The reconstruction loss L is typically defined as the mean squared error between the input T
and the reconstructed output T
1 n
Lap(T, ) = = 3 (T - 1))’ (10)
=
The goal of training an autoencoder is to minimize the reconstruction loss by adjusting the
parameters 6y and 6p.

6.3 Training Loop

To scale the training process to a larger dataset and reduce the training overhead, ADACURVE
training loop is conducted on a sample of the original dataset (in practice, we choose 1000 rows in
one iteration), which involves four steps:

1) Prioritized Sampling: This step involves selectively extracting a subset of the data that reflects
the most commonly accessed points in user queries. In this way, we focus the training of our
adaptive curve on the data segments that are most impactful for query performance.

2) Model-Predicted Sorting: In this phase, our ML model evaluates each tuple and assigns it a
ranking score. These scores are used to rank the data and we recollect each block SMA.

3) Identification of Blocks for Scanning: Leveraging the query predicates, this step identifies
which blocks of data will be scanned based on the corresponding SMA.

4) Model Training: Here, the sampled and ranking data serves as the training set for our ML
model. We measure loss function as a weighted sum of all individual losses:

Loverall = @LAE + Lscancost (1 1)
where « is the weights that balance the importance of each loss component. The objective of the
training process is to minimize Loyerqn by adjusting the model parameters.

Through iterative learning, the model progressively refines its predicted ranking score, enhancing
its ability to forecast the index positions of tuples with better data-skipping performance.

7 Dynamic Data and Workload

In this section, we articulate how ApDACURVE adapts to dynamic data and workload shifts. With the
evolving nature of data and workloads, fully re-partitioning the entire dataset becomes impractical
and costly, particularly with the influx of real-time data disrupting the original clustering and sorting
integrity. An alternative approach focuses on sorting only the incoming data, ensuring improved
block partitioning for new entries. However, this method may lead to increasing disorder in the
overall dataset over time. The primary challenge here is to strike a balance between minimizing
the impact of data reorganization and enhancing data-skipping efficiency.

To achieve this equilibrium, our strategy emphasizes maintaining local order to uphold the
efficiency of processing new data and workloads. As the dataset and workload evolve, previously
organized data can become disorganized. We have two assumptions:

e The disorganized part is on a relatively small scale but disproportionately contributes to the
disorganization.
o The law of diminishing return applies to the re-partitioning efforts.

For example, data that is incrementally updated has its new property, such as a collection of
tuples from a new date, which primarily affects localized areas rather than the entire data structure.
It requires only minimal reorganization. Considering its relatively small scale compared to the
historical data, comprehensive re-partitioning becomes increasingly less effective, consuming
resources that outweigh the marginal gains achieved. Similarly, as new workloads increasingly
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focus on specific data regions, targeted adjustments rather than extensive re-partitioning can
restore order efficiently. Consequently, our focus is on identifying the disorganized partitions and
ensuring local order for operational efficiency.

When data or query patterns shift, SMA remains effective for block skipping without requiring
immediate data layout updates or reorganization. Partial data layout and model updates can be
performed lazily without interrupting queries. Therefore, our method does not impede the influx
of new data, while updating the model to adapt to disorganized data. Specifically, our method
comprises a three-step approach: 1) Model Adaptation, ensuring ADACURVE aligns with the current
data and workload; 2) Locating Unorganized Partitions by using the updated model to identify
poorly organized blocks; 3) Partial Cluster Reorganization, selectively restructuring data to boost
efficiency and coherence without overhauling the entire dataset.

7.1 Model Adaptation

When changes in data, denoted as A7, or in workload, denoted as AW, are observed, the user
or database administrator (DBA) can trigger optimization of the current data layout. As an initial
step, we refine the adaptive curve to ensure it remains aligned with these dynamics. We employ
two techniques to ensure the model adaptation is lightweight: partial rebucketing and incremental
updates.

7.1.1  Partial Rebucketing . When data updates occur, A7 can surpass the original rank space
encoding as outlined in Section 5.1, potentially leading to unpredictable outcomes from the adaptive
curve. To effectively manage the input feature space, we monitor variability within each bucket,
using manually set thresholds to initiate partial rebucketing. For instance, if the variance within a
bucket exceeds 20% of the bucket’s mean value, this triggers a review of the bucket boundaries.
Then, buckets that violate this threshold are recalibrated by interpolating between the values at
the percentile edges of the data within that bucket rather than undergoing a complete dataset
recalibration. This method ensures efficiency when changes in data distribution are localized to
specific segments of the dataset.

7.1.2  Incremental Updates. The incremental update is a lightweight and robust model training
strategy facing out-of-distribution situations. We adopt Experience Replay (ER) [51], where models
are continuously updated with new data. The key aspect of ER is balancing learning from new data
while retaining knowledge from the old data by interleaving training on both new and old data.
Our approach utilizes ER by prioritizing new data and new workloads during sampling. For the
new data AT, we incorporate a strategy where recent updates to the dataset are given a higher
probability of being revisited in subsequent training iterations. For the dynamic workload AW,
each batch of newly sampled data will be retained if it is within the new workload query range,
and these will be sampled at a higher probability for later training iteration. Thus, the model can
rapidly adapt to changing conditions while maintaining a comprehensive understanding based on
its accumulated knowledge.

7.2 Locating Unorganized Partition.

The incrementally trained adaptive curve provides an improved storage layout for dynamic data and
workloads. Then we leverage the updated adaptive curve to locate the most unorganized segments
of data efficiently. This process involves splitting the entire dataset into continuous segments
Seg = {b;, bit1,...,b;} of a given size (involving several blocks). Then, for every data segment, the
Coeflicient of Variation (CV) is adopted to evaluate the disorganization. CV is a statistical measure
of the relative dispersion or variability of data points around a dataset’s mean. Specifically, the
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disorganization is defined as Oseg = Zbi&Seg CV; = Zbi€Seg %, where o and p are calculated by the
updated sort key from the adaptive curve. o is the standard deviation of the updated sort key and p
is the mean of the updated sort key for each b; € Seg. Once identify the unorganized segment, we
prioritize to re-partition it.

Note that, the updated adaptive curve is used as an approximation to locate the disorganization
of each segment, as model inference is fast. Generally, a larger CV indicates a greater potential
performance improvement from re-partitioning. Periodically, we can increase the size of segments
to encompass more blocks, thereby facilitating the merging and re-partitioning of larger segments.

This approach helps optimize data organization and enhance system performance efficiently.

7.3 Partial Cluster Reorganization

The Partial Cluster Reorganization (PCR) technique in columnar storage emphasizes maintaining
local order rather than global order across the entire dataset. It achieves this by sorting data into
predefined segments based on specific columns. This local sorting, typically executed every 70
Compression Units (CU) (approximately every 4.2 million rows), results in clusters of data that are
locally ordered within their respective segments. The segment size can be specified by users. It
significantly enhances query efficiency within those local segments while keeping the overall data
organization manageable and efficient.

When integrated with ADACURVE, this system is further optimized. Once PCR finishes a segment,
it swaps the existing blocks. During periods of low activity, ADACURVE, in conjunction with the
VACUUM process, can automatically merge and reorganize segments that have become disorga-
nized, thus maintaining the system’s efficiency and data order, especially in dynamic business
environments where data is continually changing.

8 Experiments
8.1 Setup

Table 3. Summary of Datasets

Datasets Type Dimension #Rows Size on Disk
Lineitem Synthetic 3-16 60M 7.2G
Syn-Uni  Synthetic 3-1000 10M 46G
Syn-Skew Synthetic 3-1000 10M 46G
IoT Real 3-115 ™ 7.6G
mmm Random === Range Z-Order Hilbert Curve BMTree LMSFC-impl mmm AdaCurve
Syn-Uni Syn-Skew Lineitem loT
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Fig. 6. 1/0 Cost of the Skewed Workload Results on Spark.

Datasets. We use the following datasets in our evaluation (summarized in Table 3):
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Fig. 8. Comparison of Workload’s Selectivity and Dimensions: Uniform vs. Skewed Workloads.

e Lineitem: Lineitem is the fact table from TPC-H [6], an industry-standard benchmark for evaluat-
ing analytics workloads. We use a scale factor of 10. We utilize read-heavy queries derived from
template Q6 to test data skipping performance. We also extend Q6 to cover more attributes.

o Syn-Uni: We generate the synthetic data from uniform distributions with 3 to 1000 dimensions.
Every dimension of data is sampled from a distinct uniform distribution.

o Syn-Skew: We generate synthetic data with skewed distributions with 3 to 1000 dimensions.
The first half of dimensions is generated from skewed Gaussian distribution. For the remaining
dimensions, we use a random walk model, which is widely used in high-dimensional datasets [30].
o IoT: IoT [38] is a real-world botnet dataset, especially for the IoT, derived from 9 commercial IoT
devices authentically infected by Mirai and BASHLITE.

Workloads. We use scan-intensive queries aligning with the format of template Q6 from TPC-H.
Following previous works [22, 37], the configuration of a workload is determined by its central
point and the span it covers along each dimension. We create the central points for these queries
using one of two methods: (i) In the Skewed (Skew) mode, the central points are selected randomly
from the set of existing data points. We fixed the number of central points to 15. (ii) In the Uniform
(Uni) mode, the central points are chosen at random from across the entire scope of the data space.
Every workload will cover all dimensions for the given table.

Metrics. We evaluate performance based on two metrics:

® I/O Cost: The logic evaluation on the number of blocks accessed across the entire workload for
different fixed-sized partitioning strategies. To provide a clear comparison, we normalize the I/O
cost relative to the maximum number of blocks scaling it to a range from 0% to 100%.

o Runtime: Workload runtime is defined as the sum of per-query latencies.

Implementation and Analytics System. We use Python to implement all models and algorithms.
For all experiments, we use a fixed block size of 60000, unless specified otherwise. We evaluate logic
I/O cost in Python as different analytics systems may have different underlying implementations.
We implement a shallow integration of different block partition methods into database systems
by adding an extra block ID column to each table, then ask the database system to sort and write
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blocks based on this column. For AbACURVE model, we use 2 layers of attention block with ReLu
activation and 16 dimension for compression and decompression model. The ranking model is a
MLP with 4 linear layers. The number of parameters ranging 203K (0.8MB) from 1.5M (5.7MB). The
weight « is set to 1 by default.

We use Spark (version 3.3) [8] as the execution engine since it supports pushing the predicate
down to the data source. We compare the effectiveness of block partition based on SMA without any
traditional index, which is common in OLAP systems. To be specific, we leverage Spark integrated
with Delta Lake features [7], which allow for block partitioning and the storage of block-level SMA,
to manage data storage and retrieval. Spark operates on Parquet file format on disk. We sort the
data and then evenly split it into file blocks. This method is consistent across all baseline layouts.
Spark is deployed on a Ubuntu server equipped with an Intel(R) Xeon(R) Silver 4214 2.20GHz CPU
with 48 cores, 256GB DDR4 main memory, and a 1TB HDD.

Baselines. We compare ADACURVE against the following baselines:

e Random. Random is the insertion of data in no specific order.

e Range. Range is sorting data based on the most frequently accessed single column from the
workload.

e Z-Order. Z-Order is a space-filling curve that maps multidimensional data to one dimension by
interleaving the bits of the coordinates of the points.

e BMTree [37] is an innovative SFC that employs piecewise SFCs optimized for multi-dimensional
data. We adopt their source code [5] to conduct experiment on our datasets. We try our best to adapt
BMTree to wide tables (e.g., tables with hundreds of columns). We limit the bit length to 18 and set
the sampling rate as 0.05 and the max depth as 20. For datasets with more than 10 dimensions, we
manually select the 10 most frequently accessed columns.

o LMSFC-impl [22]. LMSFC is a SFC-based method optimized for multi-dimensional data. It
optimizes an adaptive SFC with SMBO. LMSFC is not open-sourced, we reproduce the LMSFC’s
SMBO learning algorithm denoted as LMSFC-impl. We set the sampling rate to 0.01.

Note that every SFC-based method needs to be tuned carefully to achieve high performance. Thus,
we select the three most frequently accessed columns from the workload to construct the Z-Order
and Hilbert curve as existing work [20]. For the learning-based methods, we do not compare with
Qd-tree [59] since it does not fit in the realm of the transformation-based method.

8.2 Overall Results

8.2.1 Adaptation to various datasets. In this experiment, the performance of different data layout
strategies is evaluated under a skewed workload. The baselines compared include Random, Range,
Z-Order, Hilbert, BMTree, and LMSFC-impl using Apache Spark with a block size set to 60,000.
The I/O cost is reported in Figure 6 and the latency performance is shown in Figure 7.

In terms of I/O cost, we observe that ADACURVE achieves the best performance across all tested
datasets, followed by BMTree, LMSFC-impl, and Hilbert, with Z-Order, Range, and Random showing
relatively poorer results. Specifically, ADACURVE demonstrates significant improvements over
traditional methods, such as Hilbert and Z-Order, achieving an average improvement of 2.8X
(from 1.4X to 7.2X). Compared to Range and Random, which are the default options in many
database systems, ADACURVE achieves even larger reductions in I/O cost, improving performance
by 4.9% to 14.2X over Range and by 14.2x to 113.8x over Random. In comparison to learning-based
methods like BMTree and LMSFC-impl, ADACURVE also shows an advantage, achieving an average
enhancement of 1.6X over BMTree, with improvements ranging from 0.9X to 2.6X, and an average
improvement of 1.9x over LMSFC-impl, ranging from 0.9 to 3.2x. On 3-dimensional datasets, our
method demonstrates similar performance to both BMTree and LMSFC-impl.
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In terms of latency, ADACURVE also achieves the best performance across all tested datasets,
significantly outperforming traditional methods like Hilbert Curve and Z-Order by an average
of 2.1x (from 1.2X to 3.9x). Compared to Range and Random, ADACURVE achieves even larger
reductions, averaging 2.6X to 4.7X improvement. Against learning-based methods such as BMTree
and LMSFC-impl, ApACURVE shows an average enhancement of 1.3X to 1.7X. These results reinforce
ADACURVE’s superiority in managing both I/O cost and latency, particularly for high-dimensional
data and complex workloads.

Compared to learning-based methods like BMTree and LMSFC-impl, ADACURVE’s performance
advantage is more pronounced in high-dimensional datasets. Specifically, for datasets with more
than 10 dimensions, ADACURVE shows consistent improvements over BMTree and LMSFC-impl,
with an average enhancement of 2.1X in these scenarios. In contrast, for low-dimensional datasets
(less than or equal to 10 dimensions), ADACURVE’s performance is on par with these methods,
showing similar I/O cost efficiency.

The performance gain of ADACURVE comes from (1) its ability to integrate both data and workload
characteristics effectively, optimizing the access patterns accordingly, (2) ADACURVE leverages an
adaptive attention mechanism, allowing it to adapt to wide tables and effectively manage complex
relationships among different features, further enhancing its efficiency.

Interestingly, Z-Order and Hilbert, as multi-dimensional indexes, fail to outperform the Range
method on high-dimensional datasets such as Syn-Uni-1000, Syn-Skew-100, and IoT-115. Despite
their theoretical advantages in preserving spatial locality, the performance of space-filling curves
(SFCs) can degrade significantly on wide tables. This suggests that (1) the choice of data-skipping
method can have a significant impact on query performance, and (2) the curse of dimensionality
poses challenges for SFCs when dealing with high-dimensional data. This highlights the necessity
of adaptive approaches like ADACURVE.

8.2.2 Adaptation to various queries. In this experiment, we evaluate the performance of ADACURVE
against all baselines under both uniform and skewed workloads, with various query selectivity
ranging from 0.0001% to 1% and various query dimensions ranging from 1 to 12. Figure 8a and
Figure 8b show the I/O cost across different query selectivities and dimensions for uniform and
skewed workloads respectively.
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In the uniform workload, the results indicate that ADACURVE consistently outperforms all
other methods, followed by BMTree, Hilbert Curve, Z-Order, LMSFC-impl, Range, and Random.
Specifically, ADACURVE achieves an average improvement of approximately 1.4X compared to
Hilbert Curve and an improvement of about 1.6x compared to Z-Order. ADACURVE is 1.2X better
and 1.5X better than BMTree and LMSFC-impl at query selectivity 1% since ADACURVE can more
effectively skip irrelevant data and focus only on the required blocks. For different query dimensions,
ADACURVE ’s advantage becomes more evident in high-dimensional queries. At 12 dimensions,
ADACURVE ’s /O cost was 2.67%, significantly outperforming all other methods.

In the skewed workload, ADACURVE achieves even better performance on skewed datasets
compared to the baselines. ADACURVE continues to outperform all baselines, demonstrating its
robustness across different types of query distributions. For example, At a query selectivity of 1%,
it is 22.5X better than Random, 12.4X better than Range, 10.4X better than Z-Order, and 9.3X better
than Hilbert Curve. When compared to learning-based methods like BMTree and LMSFC-impl,
ADACURVE shows an improvement of 7.5X and 7.3X%, respectively.

This superior performance can be attributed to ADACURVE’s ability to effectively integrate data
characteristics with workload features, along with its use of an adaptive attention network that is
well-suited for handling high-dimensional datasets.

8.3 Overhead

Figure 9 provides an empirical analysis of training overhead and sort key computation overhead
under various training data sizes and dimensions.

The top row of plots illustrates the training time required for different methods, including
LMSFC-impl, BMTree, ADACURVE-Stable, across increasing data sizes and dimensions. ADACURVE-
Stable means training the adaptive curve to a stable performance. The results show that BMTree
experiences a rapid increase in training time as the data size and dimensionality grow, particularly
beyond 107 dataset size and beyond 6 dimensions, respectively. This is because SFC-based methods’
action space of bit merging patterns grows exponentially with the increase in dimensions, leading
to a significant increase in the complexity of finding optimal bit combinations. ADACURVE-Stable
maintains a relatively stable training time as both training data size and dimensionality increase,
demonstrating scalability advantages over the baselines.

The bottom row of Figure 9 presents the time required to generate sort keys with respect
to different numbers of rows and dimensions. Since BMTree and LMSFC-impl exhibit similar
efficiency to Z-Order, their plots are omitted for clarity. For Z-Order, in order to scale to higher
dimensions, we limit the bit length to 20 and use vectorized execution with NumPy to optimize
the computation. The results show that Z-Order’s key generation time increases significantly with
higher dimensions. In contrast, ADACURVE-Stable demonstrates a nearly constant key generation
time as the dimensionality increases, indicating ADACURVE’s scalability and efficiency in handling
high-dimensional datasets. This is because high dimensions are filtered and computed in parallel
using matrix operations in ADACURVE. For different row counts under the same dimension, both
methods exhibit linear scaling.

Overall, these graphs demonstrate that ADACURVE offers a more scalable solution, particularly
when dealing with large and high-dimensional datasets, by selectively focusing on the most relevant
dimensions and leveraging efficient matrix-based computations.

8.4 Dynamic Data and Workload

Dynamic Data. Figure 10 and Table 4 present the evaluation of ADACURVE on dynamic data. The
left line plot in Figure 10 shows the trend of the updated I/O cost with model adaption technique
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Fig. 10. Training Time of Model Adaption for Dynamic Data and Workload. Dash Line Indicates Data or
Workload Shifts.

Table 4. Number of Blocks to Be Skipped with Data Insertion and Partial Cluster Reorganization.

Insert Metrics PCR Full PCR Full Sort Total Blocks
# Blocks Skipped 32 41 48 68
2 batch Train+Reorg time (min) 3.5 6.9 10.2 -
4 batch # Blocks Sk'lpped ' 64 99 108 136
Train+Reorg time (min) 4.5 14.5 18.6 -
6 batch # Blocks Slflpped . 96 143 171 204
Train+Reorg time (min) 4.5 20.8 26.3 -

Table 5. Number of Blocks to Be Skipped with Workload Shift and Partial Cluster Reorganization.

% of Shift Metrics PCR Full PCR Full Sort Total Blocks
10% # Blocks Skipped 580 621 649 1000
’ Train+Reorg time (min)  10.2 18.2 34.2 -
# Blocks Skipped 513 588 623 1000
30% . . .
Train+Reorg time (min)  10.5 21.9 34.2 -
# Blocks Skipped 471 611 683 1000
90% . . .
Train+Reorg time (min) 11.2 239 34.2 -

over time, with the green dashed line indicating the point of data insertion. The inserted data
maintains the same distribution as the original data. As shown in the plot, ADACURVE adapts quickly
to the inserted data, stabilizing with minimal fluctuations within a short period (approximately
2-3 minutes). This efficiency is attributed to ADACURVE’s bucket encoding mechanism and the
implementation of a rapid, lightweight model adaptation approach.

Table 4 details the number of blocks skipped with data insertion and partial cluster reorganization
(PCR). The reorganization methods are defined as follows: PCR represents our partial training
and update approach, Full PCR involves local reorganization of the entire dataset, and Full Sort
represents complete sorting of the dataset. One batch of insert is 200k rows. The results indicate that,

45

with 6 batches inserted, PCR requires only about 17.1% of the time needed for Full Sort (7% X 100%),

96

while achieving approximately 56.1% of the effectiveness in terms of blocks skipped (335 X 100%).

This demonstrates the efficiency of the PCR method, balancing reduced re-organization overhead
with effective data skipping, making it well-suited for dynamic data environments.
Dynamic Workload. Figure 10 and Table 5 present the evaluation of AbACURVE on dynamic

workloads. For dynamic workloads, the right line plot in Figure 11 shows the trend of the updated
I/O cost over time. In this experiment, we varied 50% of the workload. Compared to data changes,
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Table 6. Varying the Number of Samples.

| Sample Number [ 100 | 300 | 500 [ 1,000 | 1,500 |

I/0 Cost (%) 34.2 | 32.8 | 293 | 28.8 | 28.1
Training Time (min) | 23.7 | 64.6 | 78.4 | 90.1 | 173.5

adapting to workload changes is more challenging. Initially, there was significant fluctuation, and
ADACURVE took approximately 7-8 minutes to stabilize. After the workload shift, AbACUrvE adapts
quickly, reducing I/O cost significantly compared to the baseline Z-Order. This quick adaptation
is due to ADACURVE’s flexible model adaptation mechanism, which allows for efficient workload-
specific optimization.

Table 5 details the number of blocks skipped with workload shift and PCR. The results indicate
that, for a 90% workload shift, PCR requires only about 32.7% of the time needed for Full Sort

11.2

(352 X 100%), while achieving approximately 69.0% of the effectiveness in terms of blocks skipped

(% X 100%). This demonstrates that PCR is effective in balancing reduced computational overhead
while maintaining a high level of block-skipping efficiency, making it suitable for dynamic workload

environments.

8.5 Design Choices

8.5.1 Varying Settings. We evaluate ADACURVE’s performance under various settings: the dimen-
sion of compressed vector, block size, and prioritized sampling size.

Dimension of Compressed Vector. Based on Figure 11, we analyze the effect of the dimension
of the compressed vector on the performance of ADACURVE under three datasets: Syn-Skewed-10,
Syn-Skewed-100, and Syn-Skewed-1000. For low-dimensional datasets (Syn-Skewed-10), 4 or 8
dimensions suffice, as less information needs capturing, whereas training with 2 dimensions failed
due to insufficient representation. For higher-dimensional datasets (Syn-Skewed-100 and 1000),
higher-dimensional compressed vectors yield better performance. This suggests that for complex
data, retaining more dimensions helps capture richer information. However, we observe some
performance fluctuation for Syn-Skewed-1000, particularly at higher dimensions. This fluctuation
might be attributed to limited training loops, making it challenging for model convergence. Thus,
we select 16 dimensions compressed vectors for datasets with more than 100 dimensions.

Block Size. Figure 12 shows the effect of varying block sizes on I/O cost and runtime for Syn-
Skewed-100. The results indicate that smaller block sizes perform better in terms of both I/O cost
and runtime. This can be attributed to the fact that, given the skewed nature of the dataset, smaller
blocks provide better locality, which enhances data-skipping effectiveness. However, in practice,
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Fig. 13. 1/0 Cost of ADACURVE Variants.

smaller block sizes can lead to increased metadata overhead. In practice, we typically choose a fixed
block size of 60,000 rows, providing a reasonable trade-off between performance and overhead.
Prioritized Sampling Size. Table 6 presents the impact of varying the sample number per training

loop on I/O cost and training time for the Syn-Skew-100 dataset. The results show that larger
sample sizes improve model convergence by accumulating more diverse examples, thereby reducing
the influence of noise. However, accurately estimating scan cost is a key challenge in data layout
generation, and excessively large sample sizes can introduce errors in rank index calculations
(implemented via soft rank as an approximation). On the other hand, smaller sample sizes are
processed faster, allowing for more frequent model iterations, which can enhance overall training
efficiency. Therefore, a balance must be struck between convergence quality and computational
efficiency. In practice, we use 1,000 samples as the sampling size.

8.5.2 ADACURVE Variants. Figure 13 shows the I/O cost of ADACURVE variants: ADACURVE-w/o
Att replaces the attention module with a linear network; AbACURVE-w/0 Local removes the local
cost calculation; ADACURVE-w/o Data removes the data reconstruction loss; and AbACurve-Rich
adds workload features as extra encoding.

The results reveal several key insights. (1) For ADACURVE-w/o Attn, removing the attention
module significantly degrades performance, especially on workload-intensive and high-dimensional
datasets (e.g., Syn-Skew-100 and Syn-Uni-500), indicating the importance of attention in capturing
complex patterns. (2) ADACURVE-w/o Data shows a noticeable impact on skewed and IoT datasets
due to its inability to adequately capture complex, high-dimensional data distributions, leading to
higher I/O costs. (3) ADACURVE-w/0 Local results in the greatest impact, as the local cost component
effectively reduces false positives for block skipping, which is particularly beneficial for low-
selectivity workloads, as observed in the IoT dataset. (4) ADACURVE-Rich, with richer encoding from
workload features, consistently improves performance across all datasets. Our encoding method
includes the frequency of each dimension in the workload as well as selectivity, enhancing the
representation quality. We believe there is more room for exploration of this encoding approach in
future work.

Overall, these observations highlight the crucial roles of each component in ADACURVE, and
show how different modifications impact its ability to achieve efficient data skipping and optimal
layout generation.

8.6 Behaviors Learned by ADACURVE

To gain insights, we now analyze why ADACURVE can self-improve to specific data and workload.
Figure 14 illustrates the dynamism of the attention mechanism in ADACURVE, which fine-tunes
its focus on relevant data features across learning epochs. The study involves a six-dimensional
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Fig. 14. Attention Learns the Selected Columns.

dataset, with queries specifically targeting the fifth and sixth dimensions. Each bar graph illustrates
the weights assigned by the attention module to each dimension across different epochs, labeled 0,
100, 200, and 800.
How to learn from workload. Initially distributing weights evenly, the attention model evolves,
discerning and assigning greater weights to the fifth and sixth columns, corresponding to their
query significance. By epoch 800, the fifth column, in particular, is weighted heavily, indicative of
its critical role in query processing.
How to learn from data. The heatmap below the bar graphs represents the correlation coeffi-
cients between each column and the pivotal fifth column. Initially, the model identifies potential
significance in Column 6, increasing its attention weight. However, it intelligently reduces the
weight since Columns 5 and 6 are highly correlated. This nuanced adjustment is a testament to the
model’s effective dimensionality reduction strategy, ensuring computational resources are allocated
to the most informative features, thereby enhancing overall performance and efficiency in query
processing.

This progression demonstrates the model’s learning process as it iteratively refines its attention
scores, increasingly focusing on the dimensions of interest. The attention mechanism’s adaptability
is evident, as it aligns its weights to both workload and data perspective.

9 Conclusion

In this study, we introduced the ADACURVE, an innovative strategy for optimizing multi-dimensional
data layouts that harnesses the power of machine learning to adapt dynamically to changing data
and query patterns. ADACURVE represents a paradigm shift in database storage layout, employ-
ing machine learning to adaptively and dynamically optimize data access patterns. The method’s
continuous optimization and adaptability to data and workload changes culminate in a robust frame-
work that significantly improves query efficiency. This underscores the transformative potential of
machine learning based approaches in optimizing database systems for enhanced performance.
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