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Learned indexes show promising performance compared with traditional indexes. However, most existing
learned index structures rely on fixed heuristics, which limit their robustness under dynamic workloads. In
this paper, we present SELIX, a self-designing learned index that automatically generates and optimizes index
structures tailored to different workloads. We introduce a unified index template that allows different nodes
to adopt structural configurations, node layouts, conflict resolution policies, and search strategies for flexible
and fine-grained structural composition. On top of this template, we formulate structural optimization as a
learnable function that maps workload states to index configurations, enabling automated search for optimal
structures in the vast design space. We train this function using a deep reinforcement learning paradigm
enhanced with meta-learning, and propose a dedicated online update strategy, which together enable fast
and stable structural adaptation under workload drift. Experimental results show that SELIX consistently
outperforms state-of-the-art learned indexes (ALEX, LIPP, FITing-Tree, PGM, XIndex, and FINEdex) in both
in-memory and on-disk settings, achieving significantly higher throughput across diverse and dynamic
workloads.
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1 Introduction

Learned indexes, which employ machine learning (ML) models to predict key positions, have
become an active research topic in recent years [1-6]. Compared with traditional indexes (e.g.,
B*-tree) [7], learned indexes can, both empirically [8, 9] and theoretically [10, 11], achieve superior
performance and lower storage costs, especially under static (read-only) workloads. Nevertheless,
to the best of our knowledge, no mainstream database system has yet to adopt learned indexes [12].

Given the dynamism and variety of real-world workloads, it is challenging for any existing
learned index to perform well across diverse workloads, which consequently limits their practical
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applicability [8, 13]. The performance of a learned index is tied to its structural design, including
layout, partitioning logic, search strategies, etc. However, the structures of existing learned indexes
typically rely on manually crafted rules and expert heuristics. For example, ALEX [4] separates
the model nodes from the data nodes, resulting in a contiguous data layout that favors scan-heavy
workloads, whereas LIPP [1] stores data along internal paths, offering superior performance for
point lookups but slower scan performance than ALEX [8]. Recent work [14] investigates self-
tuning techniques for specific indexes (e.g., ALEX) by adjusting parameters such as fanout and
node size to accommodate varying workloads. However, their performance remains bounded by
the original structure, i.e., they cannot achieve structural transformations that would outperform
the underlying design. Addressing this challenge requires new strategies that enable structural
adaptivity, which allows indexes to evolve in response to workload drift.

Unlike existing approaches, we aim to design a learned index whose structure can autonomously
adapt to the current workload and environment without human intervention, thus expediting
the practical adoption of learned indexes. However, achieving this poses three key challenges.
First, it requires defining an index structure that is flexible and expressive enough to encompass
diverse design choices. Given the vast design space of existing indexes, constructing such a unified
structure is non-trivial. Second, identifying the optimal structure for a given workload is difficult.
Mapping the characteristics of the workload and the corresponding design choices into a scalable
optimization problem is essential. Third, the index must be able to adapt efficiently to workload
drift. Achieving structural adjustments with minimal performance overhead is not straightforward.

In this paper, we present SELIX, a SElf-designing Learned IndeX that integrates a learning
agent capable of continuously generating, evaluating, and optimizing its structural designs. We
first introduce a unified index template as the foundation of SELIX, a generic tree structure in
which each node can be independently configured along four structural dimensions: (1) structural
configuration (node type, fanout, and capacity), (2) node layout (compact/gapped), (3) conflict
resolution policy (shift/chain/rebuild), and (4) search strategy (binary/exponential search).

We then formulate index structural optimization as a learnable function. Specifically, we define
a mapping 7p : S — A that learns to select optimal index configurations based on the current
workload state. The state s € S captures node-level statistics such as read/write frequency, and
I/O cost, and model prediction errors. The action a € A consists of first identifying one of the
top-k nodes that contribute most to latency or error, and then applying a local transformation
such as adjusting the fanout, switching the layout, or retraining the local model. Given the vast
action space, we introduce the deep reinforcement learning (DRL) paradigm to train the function
Fo, which enables efficient exploration of the design space to identify optimal index configurations
under the given workload.

In real database systems, workloads evolve continuously, and retraining the policy from scratch
upon each workload shift is prohibitively expensive. To this end, we ensure that SELIX can efficiently
perform structural self-adaptation to handle workload drift from two aspects. First, we enhance
the DRL-based learning process with meta-learning, which allows the agent to learn generalizable
strategies across diverse workloads and quickly transfer prior knowledge to new scenarios. As a
result, in most cases, SELIX can directly leverage the deployed agent and its trained policy to remain
effective without retraining from scratch. Second, the system monitors index throughput as a drift
signal, and triggers online adaptation when significant performance degradation is detected. For
these cases, we propose a dedicated online update strategy based on Proximal Policy Optimization
(PPO) [15], which constrains policy changes within a safe range to enable fast and stable online
fine-tuning,.

In summary, we make the following contributions:
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Fig. 1. The structure of learned indexes.

e We propose SELIX, a self-designing learned index, and introduce a unified index template that
enables flexible and fine-grained structural composition across multiple design dimensions.

o We formulate index structural optimization as a learnable function, and adopt a DRL algorithm
to train this function, enabling automated search for optimal structures in the vast design space.

o We augment the DRL-based learning paradigm with meta-learning, which enables the agent to
quickly adapt to new workloads without complete retraining, and propose a dedicated online
update strategy for stable structural adaptation under workload drift.

o We evaluate the performance of SELIX against state-of-the-art learned indexes under workloads
with different read-write ratios in both in-memory and on-disk settings. Experimental results
demonstrate consistent performance gains across all evaluated workloads, achieving up to 3.73%
higher throughput and superior robustness compared to state-of-the-art learned indexes (ALEX,
LIPP, FITing-Tree, PGM, XIndex, and FINEdex).

SELIX is a component of NeurDB [16, 17]. It has been integrated into NeurDB as a native index
access method !.

The remainder of the paper is organized as follows. Section 2 provides the background and
presents the problem statement. Section 3 overviews SELIX. Section 4 introduces the detailed
learning-based optimization strategy. Section 5 describes the implementation. Section 6 presents
the experimental results, and Section 7 concludes.

2 Preliminaries

In this section, we first outline the basic concepts of learned indexes, and then formalize the problem
definition. The symbols used throughout the paper are listed in Table 1.

2.1 Learned Index

For a dataset D, a learned index M models the mapping K — P, where K denotes the key space
and P the corresponding positions in 9. To achieve better scalability, learned indexes often employ
a hierarchical tree structure [1, 4] with two node types: model nodes that route queries to children,
and data nodes that store keys.

Operations. A learned index typically supports four core operations: lookup, scan, insert, and
delete.

!https://github.com/neurdb/neurdb
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Table 1. Key symbols and descriptions.

Description

dataset of keys and their corresponding positions
key space
number of nodes in the index

state space

action space

reward
learned index
workload and workload embedding vector
error of model predicted position
position and predicted position of a key
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o Lookup. Given a key k, lookup traverses the hierarchy from root to data node. At each model node,
the model predicts which child to access next. At the data node, the model predicts a position
p = M(k), and a local search is performed within p € [p — €, p + €], where € is the maximum
prediction error.

e Scan. A range query over [kj, k,] first locates k; via lookup, then enumerates subsequent keys
until reaching k.

o Insert. To insert a new key kpe., the target data node is located by traversing the hierarchy similar
to the lookup procedure. The model predicts the target position ppew = M(kpew). When multiple
keys are mapped to overlapping positions, conflicts occur and must be resolved based on the
conflict resolution policy.

o Delete. Deletion locates the target key using the same lookup procedure and removes it.

Design Primitives. Although numerous learned indexes have been proposed, their design can be
categorized based on their strategies for four core primitives, as illustrated in Figure 1:

o Structural Configuration. This defines the structural parameters of a node, including node type,
fanout, and node capacity, which together determine the tree’s shape and depth.

o Node Layout. This defines how keys are physically organized within a data node: (1) Compact
layout stores keys contiguously; (2) Gapped layout with reserved slots for insertions.

e Conflict Policy. During insertion, if the predicted position is empty, the key is inserted directly.
Otherwise, conflict resolution is required: (1) Shifi: relocates nearby keys to adjacent positions to
make space; (2) Chain: links overflow nodes for conflicting keys. (3) Rebuild: splits the nodes and
reconfigures them with new parameters, potentially triggering cascading modifications up the
tree.

e Search Strategy. This defines how lookups are performed when the key is not found at the
predicted position: (1) Exponential search and (2) Binary search.

2.2 Existing Learned Indexes

Existing learned indexes differ mainly in which primitives they use, as summarized in Table 2. Most
systems use a limited subset of the design primitives. For example, RMI [3] and PGM [2] largely
rely on predefined hierarchical constructions, without allowing fine-grained control over fanout or
conflict handling. ALEX [4] supports adaptive fanout and node splitting but relies on hand-crafted
cost models for structural adjustments. LIPP [1] achieves precise position prediction but does not
support multiple node types. FITing-Tree [18] compresses index metadata using a bounded-error
piecewise-linear approximation to enable fast lookup with bounded local search. XIndex [19]
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and FINEdex [20] buffer incoming writes and periodically merge (and retrain when needed) to
synchronize with the main structure. DILI [21] builds distribution-aware index trees by adapting
node organization to local density and adjusting the structure as the distribution evolves. NFL [22]
improves robustness by transforming the key distribution before constructing the index. LITune [14]
partially addresses adaptation by tuning selected parameters (e.g., fanout) with reinforcement
learning, but they operate on a fixed underlying index structure. To more effectively evaluate the
performance of these learned indexes, NeurBench [23] provides a standardized benchmarking
platform that supports comparison of major learned components under data and workload drift.

Before the emergence of learned indexes, several generic index frameworks have been explored.
GiST [24] provides a unified template for implementing various index structures (e.g., B-tree, R-tree).
However, its support for multiple tree types and structural variations results in an exponentially
large design space, making efficient search for optimal configurations challenging. To enhance the
flexibility of index design, Data Calculator [25] decouples physical layouts into design primitives
and leverages a learned cost model, enabling a shift from manual expert design to automated
structural synthesis. GENE [26] employs genetic algorithms to search within a hybrid design space,
enabling free combination and autonomous evolution of both traditional and learned index struc-
tures. Meanwhile, several studies on adaptive indexing [27, 28] have explored index performance
optimization from the perspective of runtime evolution.

Unlike existing works, we introduce a self-designing learned index that autonomously generates
and updates its structure using core primitives within a unified learnable framework, enabling it to
adapt to varying workloads and achieve higher performance.

2.3 Problem Definition

While different learned index designs exhibit benefits under specific scenarios, no single structure
can consistently achieve optimal performance across diverse and evolving workloads [8, 13]. In real
database systems, workloads are inherently dynamic, making it impractical to manually design or
tune a dedicated index for each case. We therefore aim to identify a structure generation function
that maps workload characteristics to an optimal index structure.

We define a learned index M with depth L containing N nodes. Each node is characterized by a
tuple m; = (r, @, j1, 1), where 7 denotes the structural configurations, ¢ specifies the layout, i defines
the update strategy, and n denotes the search strategy. The complete index M is thus represented
as the composition of all nodes {m; | i € [1, N]} under a specific hierarchical structure. A model
m; at node i not only determines the node itself but also the subtree rooted at node i, for insertions
of its data passing this node are processed by m;. This formulation enables the representation of
index structures in which different subtrees employ distinct strategies optimized for their local
workload characteristics.

Let W denote the distribution of workloads, and w denote a specific workload sampled from W.
Given the index design space M, we formulate the index generation problem as an optimization
task to find the most efficient index under w:

M* = argmin U (M, w), (1)
MeM
where U(-) represents the utility function that evaluates the index performance (e.g., throughput,
and latency).

For realistic index structures with thousands of nodes, the search space is vast, rendering
traditional heuristic algorithms inefficient. We therefore leverage deep reinforcement learning
(DRL) to learn the function %y, which enables efficient navigation of the design space to discover
near-optimal solutions.
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Table 2. Comparison with representative learned indexes and index design/generation frameworks. Symbols:
v supported/configurable; X not supported; — not applicable.

Method Structural Configuration =~ Node Layout  Search Strategy Conlflict Policy
Node Type Fanout Dense Gapped Binary Exp. Shift Chain Rebuild

RMI [3] v v - - 4 v X X X
PGM [2] 4 X 4 X v X X 4 X
ALEX [4] 4 v X 4 X v v X 4
FITing-Tree [18] v X X v v v v X v
LIPP [1] X X X 4 - - X 4 4
DILI [21] v v X v X v X v X
NFL [22] v X X 4 v X v 4 4
LITune [14] v v X X X X X X 4
GENE [26] v 4 - - v v X X X
GiST [24] v v - - - - - - 4
Data Calculator [25] v v X v v X - v
SELIX (Ours) v v v v v v v v v

2.4 Deep Reinforcement Learning

Deep reinforcement learning (DRL) [29-31] has been widely applied in data management tasks [32],
such as query optimization [33, 34], configuration tuning [14, 35], etc., where decision spaces are
high-dimensional, and feedback is delayed. The core idea of DRL is to train an agent that interacts
with an environment through a continuous loop of state—action-reward feedback, learning a policy
that maximizes the expected cumulative reward. Existing DRL algorithms can be broadly categorized
into two families: (1) value-based methods (e.g., DQN [29]), which estimate a state—action value
function to guide discrete action selection, and (2) policy-based methods (e.g., DDPG [36], PPO [31]),
which directly sample actions via policy probability. Value-based methods are restricted to purely
discrete action spaces, whereas our index design problem involves both discrete (e.g., node layout
choice) and continuous (e.g., fanout size, split threshold) actions. Similarly, off-policy methods
such as DDPG, though suitable for continuous actions, are not ideal in our setting since they rely
on offline replay buffers and thus cannot efficiently adapt to evolving workloads in an online
environment. In contrast, on-policy methods update using trajectories generated by the current
policy, which better matches dynamic workload optimization. Proximal Policy Optimization (PPO)
[31] is an on-policy actor-critic algorithm designed to enhance training stability by constraining
the magnitude of policy updates. It achieves this by using a clipped surrogate objective that bounds
the probability ratio between the new and old policies and prevents overly aggressive updates.

We therefore adopt PPO as the core RL algorithm in SELIX. However, directly applying standard
PPO presents a key challenge. Evaluating each action, i.e., a configuration change, requires running
the modified index under realistic workloads, which limits frequent resampling. To address this,
we extend it with a weighted sample reuse mechanism to improve data efficiency while preserving
stable policy updates, as detailed in Section 4.3.

3 Overview

The overview of SELIX is shown in Figure 2, which consists of four main components: the index
template, the state collector, the learning agent, and the index builder.

Index Template. At the foundation, SELIX adopts a unified index template that abstracts learned
indexes as a configurable tree structure. The tree consists of two types of nodes: model nodes
for routing queries and data nodes for storing keys. Each node can be independently configured
with its own layout, size, search strategy, and other structural parameters. This design enables
the generation of diverse index structures through node-level configuration adjustments within a
unified framework.
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Fig. 2. The overall framework of SELIX
State Collector. The state collector constructs the state space S, for the learning agent by capturing

two types of information: workload-level information, such as query arrival rates and read/write
compositions, and node-level structural information from the index’s internal metadata, including
access frequency, conflict degree, and model accuracy. Since a learned index may contain a large
number of nodes, including all of them in the state would lead to an excessively high-dimensional
input. We therefore maintain the top-k most frequently accessed nodes (i.e., those with the highest
performance impact) in the state collector. The method for calculating the impact score is detailed
in Section 4.2.2.

Learning Agent. Built on top of the index template, the learning agent is responsible for generating
the optimal index structure for the given workload. It observes the state S; and selects an action a;
from the action space A to adjust node structural parameters. The detailed design of the action space
is described in Section 4.2.3. By iteratively optimizing individual nodes, the agent progressively
constructs an efficient overall index structure. The agent is trained using a deep reinforcement
learning framework with meta-learning, enabling fast policy adaptation across different workloads.
Index Builder. Once a; is selected, the executor applies structural modifications to the correspond-
ing node, and its subtree is adjusted following the change. Each update is localized so that only the
affected nodes are rebuilt or reconfigured to minimize runtime interference. The state collector
then captures the new performance metrics and feeds them to the learning agent to calculate the
rewards, updating the state to s;4; and triggering the next round, forming a closed learning loop
for continuous optimization.

Execution Workflow. During the training process, we construct diverse workloads with varying
read-write ratios (e.g., from read-write balanced to write-heavy, and then to read-heavy) to train the
learning agent, enabling it to learn effective optimization strategies across different scenarios. Based
on the trained policy, SELIX’s agent generates an initial index structure tailored to the observed
workload characteristics. During execution, the state collector continuously monitors runtime
statistics such as access frequency, read/write ratio, and conflict degree, and constructs state vectors
for each node. When the index throughput degrades beyond a predefined threshold, indicating
that the current structure no longer fits the workload, the agent is triggered to perform structural
adaptation. It evaluates candidate actions within its action space and selects localized structural
adjustments that enhance performance while minimizing overhead. Specifically, as illustrated in
Figure 2, the agent replaces the conflict resolution strategy for nodes in the subtree rooted at ns,
from shift to chain, reducing key relocation under write-intensive workloads. It then adjusts the
fanout of the subtree starting from node n; to optimize for the read-heavy workload there. Only
the affected nodes are reconfigured, while the rest of the index remains unaltered. Following the
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update, new performance metrics such as write latency and insertion throughput are fed back to
the agent as rewards to guide subsequent structural adjustments.

4 Design of SELIX

In this section, we first present the unified index template and its design space, and then detail the
learnable function formulation and training framework, followed by theoretical analysis.

4.1 Index Template and Design Space

We introduce a unified index template that allows each node to independently select and combine
design primitives, enabling fine-grained structural construction. The design space consists of four
aspects: structural configuration, node layout, conflict resolution policy, and search strategy. Since
each node can be independently configured, the total design space grows exponentially with the
number of nodes, resulting in an enormous search space. Each aspect is defined as follows.

Node Structural Configuration Space. SELIX supports two node categories: model nodes for
routing queries and data nodes for storing keys.

Model Node. A model node is characterized by a tuple (w, €, b), where w represents the model
type, € denotes the prediction error bound, and b specifies the fanout. The model type w can be
instantiated as linear regression or piecewise linear approximation [2], mapping an input key to
the corresponding child node with a prediction error bounded by €. The fanout b determines the
number of children, directly influencing tree depth and search complexity.

Data Node. A data node stores keys directly and is characterized by a tuple {c, [, g, r, p), where
c is the node capacity, [ is the node layout, g is the gap configuration, r is the insertion conflict
resolution strategy, and p is the model rebuilding policy. Node capacity ¢ balances insertion cost
against lookup efficiency: smaller nodes reduce reorganization overhead during insertions, while
larger nodes shorten lookup paths through reduced tree depth. The remaining parameters [, g, r
and p are detailed in the Node Layout Space and Conflict Policy Space below.

Node Layout Space. The node layout space defines how keys are physically organized within a
data node, specified by layout type and gap configuration. The layout type can be either Dense or
Gapped. A Dense layout stores keys in tightly packed arrays with no empty slots, maximizing space
efficiency and read performance, but insertions may require shifting existing keys to maintain
sorted order. A Gapped layout pre-allocates empty slots to absorb insertions without triggering
key movements, better suited for write-intensive scenarios. For the Gapped layout, two additional
parameters are specified: gap ratio and gap distribution. The gap ratio in [0, 1) defines the fraction
of empty slots reserved for future insertions. The gap distribution has two options, Uniform and
Exponential, which determine how gaps are placed within the node. In a uniform distribution, gaps
are evenly distributed across the array. Under an exponential distribution, more gaps are allocated
near the end of the array, suitable for append-heavy workloads.

Conlflict Policy Space. The conflict policy space defines how data nodes resolve insertion conflicts.
Since SELIX employs model-based insertion, the model predicts a target position for each incoming
key, and conflicts arise when the predicted position is already occupied. Two resolution strategies
are available: Shift and Chain. The Shift strategy performs in-place updates by relocating existing
keys to nearby available empty slots. The Chain strategy performs out-of-place updates by allocating
new sub-structures to accommodate keys.

Search Strategy Space. The search strategy space defines how keys are located within a data
node when the model’s predicted position deviates from the actual position. Two strategies are
available: Binary and Exponential search. Given a predicted position p with error bound €, Binary
search scans the range [p — €, p + €] with O(log €) complexity, suitable when the error bound is
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large. Exponential search starts from p and expands outward with O(e) complexity, which is more
efficient when the prediction error is small. The choice of search strategy also depends on the
node’s data layout: for Dense layouts where keys are contiguous, both strategies perform well; for
Gapped layouts with empty slots, Exponential search can skip empty positions more efficiently.

4.2 Learnable Function Formulation

4.2.1  Workload Representation. Different workloads require different configurations to achieve
high performance. Since workloads change dynamically over time, we employ a lightweight Long
Short-Term Memory (LSTM) [37] to encode the workload sequence into a fixed-dimensional
embedding vector, enabling the RL agent to perceive workload trends and patterns. Specifically,
workloads are characterized from two perspectives: (1) query arrival rate, which measures the
number of incoming queries per unit time, typically expressed as queries per second (QPS), and
(2) query composition, which captures the proportion and fluctuation of different query types
(e.g., read/write ratio) over time. For example, the workload within a specific time window can be
expressed as: w = {QPS = 320, QueryRatio = [0.7,0.3]}, where QueryRatio denotes the relative
frequency of read and write operations. A sequence of such workload representations over the past
x time steps, i.e. (W;_x+1, ..., W), is fed into the LSTM encoder to generate a compact workload
embedding. The resulting embedding is then integrated into the input state of the RL agent.

4.2.2 State Space. We construct a state space based on both the index configuration and workloads.
SELIX captures statistics and metadata at the node level, and the index’s state is composed of the
states of all its nodes. For each node n;, its state (e.g., gapped ratio, key distribution, node fanout,
access frequency) and its local workload statistics (e.g., operation counts) are maintained in a
per-node metadata table. When the agent requests an observation, the state collector retrieves these
metrics and transforms them into a state representation ¢; = (CR;, RI;, SK;, AF;, EC;), where CR; is
computed from the ratio of colliding slots to total slots, RI; is derived from the recent read/write
counters within a sliding window AT, SK; is obtained from the skewness of the key histogram,
AF; is the access frequency, and EC; is the estimated restructuring cost based on node size. All
features are normalized on the fly using the global min-max statistics collected in the current
epoch to ensure comparability across nodes. Since an index may contain tens of thousands of
nodes, incorporating states of all nodes as the index state for the learning agent would result in
excessively high dimensionality and redundant information. To address this, we adopt a ranking-
based sampling strategy. Specifically, each node is assigned an advantage score that quantifies how
much it is expected to influence overall index performance if optimized. We compute the score
as a weighted linear combination of the normalized feature vector: score; = W' ¢; = ;3-:1 Widi j.
The top-k nodes with the highest scores are selected, and their feature vectors are concatenated
to form a fixed-length structural state embedding vector: h; = [¢1, ¢a, ..., Px] € RkX5, Finally, we
concatenate the structural state embedding and the workload embedding w; generated by the
LSTM encoder. The state at step t is thus defined as

St = [hy, we]. (2)

4.2.3 Action Space. The action space in SELIX builds upon the index design space defined in
Section 4.1. Each action corresponds to a configuration option within the design space, operating on
one node and its subtree at a time. To ensure consistency in state representation, actions consider
the same top-k candidate nodes identified in the state space. Formally, the action space is:

A={(G,0v)|i€{l,....k},0€O,veR. 3)
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Each action is represented as a triplet a; = (i;, 04, v;), where i; € {1,2, ..., k} identifies the target
node, o; € O specifies the action type to perform, and v; denotes the action parameters.

The action types O correspond to the four design dimensions defined in Section 4.1: (1) structural
configuration, including model type, fanout, and node capacity; (2) node layout, including layout
type (Dense/Gapped), gap ratio, and gap distribution; (3) conflict policy, including resolution strategy
(Shift/Chain); (4) search strategy (Binary/Exponential). For example, the action (2, layout, Gapped)
switches the layout of the second-ranked node from Dense to Gapped, while (3, conflict, Chain)
changes the conflict resolution strategy of the third-ranked node to Chain. Through these actions,
the RL agent navigates the action space to find optimal configurations.

4.2.4 Reward. In SELIX, the reward quantifies the quality of each action to guide the agent in
optimizing index structures. The reward consists of two components: performance gain and storage
cost.

Performance Gain. We measure the relative throughput improvement over a baseline index
configuration to encourage actions that enhance query efficiency. When the agent selects an action,
it evaluates its impact on the target workload, potentially triggering restructuring operations such
as data node reorganization or model retraining. Through repeated interactions and this reward
formulation, the agent learns to identify high-quality actions while minimizing restructuring

overhead.
T

T, — Ty T
Ry =14 tTO +(1- Ug)tTt—_ls (4)

where T is the baseline throughput obtained with the initial index, and T; and T;_; are those at
step t and the previous step ¢-1. This reward captures both long-term and short-term performance
improvement, and 7, is used to weigh their relative importance.

Storage Cost. For a learned index containing N nodes, and node i consumes cost;. The storage
cost is defined similarly as:

N
C:—C Cr — G-
R = 15 L0y (1- rys)t—tl,where C= Z cost;. (5)
Co Cr1 —
To prevent either one reward component from dominating the optimization process and destabilizing
learning, we balance the contributions via a weighted combination, as shown:

R=124 Ry —As Ry, (6)

where A4 and A are the weighting coefficients for throughput improvement and storage efficiency,
respectively, satisfying A, + A5 = 1.

4.3 Function Training

To enable fast and stable adaptation of the learnable function under continuously evolving work-
loads, we integrate meta-learning with PPO to form the training framework of SELIX, as shown in
Figure 3.

The key idea is to learn a meta-policy with strong generalization capability, enabling the agent
to adapt quickly to new workloads with minimal updates. Our framework follows a two-level
meta-training paradigm, consisting of an inner loop for task-specific adaptation and an outer loop
for meta-policy optimization. In the inner loop, for each sampled workload task, the agent performs
several PPO updates to adapt the meta-policy to the current task. In the outer loop, the meta-policy
is updated by aggregating the post-adaptation experiences across all sampled tasks. This design
ensures that SELIX can retain prior knowledge while quickly adapting to workload drift, avoiding
costly retraining from scratch.
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Fig. 3. The DRL network architecture.

Inner Loop (Task-Specific Adaptation). In each meta-iteration, the agent samples a batch of
workload tasks from a diverse set of workloads. For each task, the agent initializes from the current
meta-policy & and performs several PPO updates to obtain a task-specific policy 8;. The post-
adaptation trajectories and rewards are stored in a shared replay buffer for subsequent meta-policy

optimization. The PPO clipped objective is defined as: Lppo(8) = ]E[ min(ptAt, clip(pr,1 -6, 1+
E)At)], where p; = % is the probability ratio between the current and previous policies,
and A, is the estimated advantage function. The clipping mechanism ensures bounded policy shifts
during each update, preventing training instability.

Outer Loop (Meta-Policy Optimization). After completing the inner-loop adaptation across all
sampled tasks, the meta-policy is updated by aggregating the post-adaptation experiences. Unlike
standard PPO, which discards samples after each update, SELIX employs a weighted sample reuse
mechanism that retains historical trajectories across meta-iterations, improving data efficiency while
preserving stability. Each trajectory in the buffer is assigned a composite weight w(7) = Wiemp (1) -
wis(7), where Wiemp(7) = exp(—AAt) is the temporal weight that prioritizes recent samples, and
7o (arlse) E)

plarlse) > = )
where p is the behavior policy that generated the trajectory. The meta-optimizer computes a
weighted PPO surrogate objective using the mixed batch, where each historical trajectory is
weighted according to its temporal recency and policy compatibility, so that outdated or policy-
incompatible samples have reduced influence on the update. This allows safe sample reuse without
breaking PPO’s on-policy guarantees.

Algorithm 1 illustrates the pseudo-code of the training framework. In each meta-iteration, a
batch of workload tasks is sampled from a diverse set of workloads (line 4). For each sampled task,
the inner loop initializes from the current meta-policy and performs several PPO updates to obtain
a task-specific policy (lines 6-9). The postadaptation trajectories are then stored in the replay buffer
(lines 10-11). After all tasks are adapted, the outer loop constructs a mixed batch from the replay
buffer using the weighted sample reuse mechanism (line 14), computes the meta-objective (line

wis(7) denotes the importance weight correcting policy mismatch, wis(7) = clip(n .
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Algorithm 1: Meta-RL Training Framework of SELIX

Input: A diverse set of workloads {r}
Output: Learned meta-policy 6*
1 Initialize meta-policy 0;

2 Initialize replay buffer 8 « 0;
3 while not converged do

4 Sample a batch of workload tasks {7, 72, ..., 75};
5 // Inner Loop: Task-Specific Adaptation;

6 for each task t; do

7 Initialize task policy 6; « 6;

8 Collect rollout data D; using mg,;

9 Update 0] < PPO(0;, D;) for several steps;

10 Collect post-adaptation rollouts D; using 7oy
1 Store (D, 7;) into replay buffer B;
12 end

13 /I Outer Loop: Meta-Policy Optimization;
14 Construct mixed batch Dy from B with weighted sample reuse;
15 Compute meta-objective Lneta (0) using Dpiy;

16 Update meta-policy 0 < 60 — aVg Leta(6);
17 end
18 return meta-policy 6% « 0;

15), and updates the meta-policy accordingly (line 16). Through iterative meta-training, the agent
learns a wellgeneralized meta-policy 6* that can be deployed for online execution (Section 4.4).

4.4 Online Execution

After meta-training, SELIX deploys the learned meta-policy 8" for online execution, which consists
of three stages: initial structure generation, runtime monitoring, and adaptive update. Each stage is
described as follows.

Initial Structure Generation. Upon receiving an index building request, the agent starts from the
meta-policy 8" and performs a few PPO updates based on the observed workload characteristics to
obtain an adapted policy. The adapted policy then generates an optimized index structure, which is
deployed to serve workloads.

Runtime Monitoring. During runtime, SELIX continuously monitors throughput to detect per-
formance changes. When performance remains stable, the index structure continues to execute
workloads, with structure reorganization (e.g., split and merge) performed to maintain performance.
When throughput degradation exceeds a predefined threshold, indicating that the workload has
shifted and the current structure is no longer suitable, SELIX triggers an adaptive update.
Adaptive Update. Upon triggering, the system first takes a snapshot of the current index, including
its structure and metadata. The snapshot serves as input to the RL agent, which leverages the
existing structure as a starting point for optimization. The RL agent operates on the snapshot
while the original index continues serving workloads. Once a new structure suited to the current
workload is generated, the new index is constructed in the background. Upon completion, SELIX
switches to the new index and removes the old index after no active transactions reference it.
Discussion. SELIX uses throughput degradation as triggers for adaptation. This design is based
on two considerations. First, compared to monitoring workload distribution, these metrics incur
minimal overhead and require no additional computation. Second, their degradation intuitively
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indicates that the current index configuration no longer fits the workload and has room for
optimization. Once triggered, the agent generates optimal index configurations for the current
workload. We validate the effectiveness of throughput as a trigger metric in Section 6.3.7.

4.5 Theoretical Analysis

4.5.1 Time Complexity Analysis. We establish theoretical complexity bounds for learned indexes
generated by SELIX to demonstrate the necessity of workload-adaptive configuration. Consider a
generated index M with tree depth L = L,, + 1, consisting of L,, model node levels and a single
data node level at the leaf.

Lookup Complexity. A lookup operation traverses the index from the root node to the leaf node.
At each model node level ¢, the query performs model inference in O(1) time. Upon reaching the
leaf data node, the model’s prediction error € necessitates searching within the range [p —€,p + €],
where p is the predicted position. The correction cost is Csearch (S, €) Where Csearch (S, €) = O(log €)
for the binary search and Csearen (S, €) = O(€) for the exponential search. The lookup complexity
can be defined as:

Tlookup(M) =L - O(1) + Csearch (S, €). (7)

Insertion Complexity. An insertion first locates the target leaf data node via the lookup, then
applies the configured update strategy within the leaf. The cost is dependent on the gap ratio r,.
For the dense layout (r, = 0), inserting at position i requires shifting all subsequent keys to make
space. For uniformly random insertions in a node with |K| keys, the expected number of shifts is
K1/2:

Ensert(M) = Tlookup(M) + O(|K|/2) (8)

For the gapped layout with gap ratio r, > 0 and the shift strategy, pre-allocated empty slots reduce
the shift distance. The expected distance to the nearest available gap is E[ gap-dist | = ig :

7

1

Tinsert(M) = Tiookup (M) +0 (V_) . )
4

4.5.2  Near-Optimum Analysis. Since the design space M is finite, the existence of a theoretical

optimal index M* is guaranteed. The theoretical optimal index M* can be defined as

M= arg 1{/}’2& Eywwla - Tlookup (M, w) + B+ Tinsert (M, w)] (10)

However, since the design space in database tuning is inherently large and finding the global
optimum has been proven to be NP-hard in related cases [38, 39], directly verifying optimality is
infeasible. To validate near-optimality, we reduce the configuration space and compare the index
structure generated by SELIX against the optimal index structure obtained by brute-force search. As
shown in Figure 4, both methods generate index structures on the OSM dataset under the read-only
workload, exhibiting high structural similarity. Both produce trees of height 5 with comparable
node counts: brute-force generates 3,980 model nodes and 65,845 data nodes, while SELIX generates
4,591 model nodes and 78,463 data nodes. However, brute-force concentrates approximately 62% of
data nodes at Level 1, while SELIX concentrates 50.2%. Additionally, 72.5% of model nodes in the
brute-force solution have fanouts in the range of 4-16, compared to 66.4% for SELIX. Despite these
differences, brute-force achieves 3.32M ops/s while SELIX achieves 3.17M ops/s, a gap of only 4.8%.
This demonstrates that SELIX can effectively discover near-optimal index structures in the design
space.
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(b) SELIX

(a) Brute-force Search.

Fig. 4. Comparison of index structures generated by brute-force search and SELIX.

5 Implementation

We implement SELIX as an index library supporting both in-memory and on-disk modes, and
integrate SELIX into PostgreSQL as a new index type.

Index Library Implementation. We implement SELIX using C++ and Python, and have made
the source code available at [40]. SELIX index structure consists of model nodes and data nodes.
Model nodes store model parameters and metadata (e.g., child-node addresses), while data nodes
store actual data values. In in-memory mode, the entire index resides in main memory. Each node
corresponds to a contiguous memory buffer that is allocated dynamically from a memory pool to
reduce allocation overhead. In on-disk mode, model nodes and data nodes are stored in separate
files so that model nodes are reached with fewer page reads, reducing I/O cost. The root model node
is pinned in the first block to ensure correct access across structural modifications. Node capacities
are aligned with page sizes (e.g., 8KB/16KB) to avoid partial page reads and minimize random I/O.
DBMS Integration. We integrate SELIX into PostgreSQL as a new index access method. PostgreSQL
provides an extensible index framework that allows users to introduce new index types by defining
a set of callback functions, including ambuild, aminsert, amgettuple, amrescan. We create an
extension that implements the callbacks and registers SELIX as a new index type in the system
catalog, enabling users to create and manage SELIX indexes on tables in the database via SQL
commands. The workflow of using SELIX is detailed as follows:

1) Offline Pre-training. Before creating an index, users need to invoke ‘SELECT selix_pretrain
(table_name, idx_column)’ to trigger pre-training. The system collects workload statistics from
the target table, including access patterns from pg_stat_user_tables, query statistics from
pg_stat_statements, and key distributions from pg_stats. For newly created tables that lack
historical statistics, the system first deploys a background monitor to collect workload information
during actual query execution. Once sufficient data is gathered, the system constructs a workload
generator and triggers pre-training. The agent generates data batches of different workloads and
learns a generalized policy that enables rapid adaptation to diverse workloads.

2) Index Creation. When a user creates an index via ‘CREATE INDEX idx_column ON table_name
USING SELIX’, the system bulk-loads existing data and queries PostgreSQL’s statistics views to
obtain current workload characteristics. The pre-trained agent then generates an optimized initial
index structure based on these characteristics. If no statistics are available, the agent generates
a default structure and adapts online as queries arrive. 3) Online Adaptation. During execution,
PostgreSQL runs a background worker that monitors SELIX index performance by collecting
execution time (mean_exec_time) from pg_stat_statements. When degradation is detected, the
online adaptation is automatically triggered. The pre-trained agent performs few-shot adaptation
and generates an optimized index structure suited to the current workload. 4) Index Rebuilding.
Once the optimal structure is determined, the system applies the new configuration by executing
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‘REINDEX INDEX idx_column’, which rebuilds the SELIX index with the updated parameters. 5)
Index Selection. We treat SELIX as a candidate index within the index selection framework [41]. To
enable cost-aware selection, we provide a cost model to estimate the benefit and overhead of SELIX
based on index structural properties. In particular, for a workload with read ratio r and write ratio
w, the total cost is Tyorar = - Tiookup + W * Tinsers, according to the complexity analysis in Section
4.5. When multiple SELIX indexes are present, e.g., SELIX (T.A) and SELIX (T.A, T.B), the index
selector compares their costs to retain the more efficient option. For example, under read-heavy
workloads, we may keep the index with a lower depth for reduced traversal cost.

6 Evaluation

In this section, we evaluate SELIX by comparing it with state-of-the-art learned indexes in both
in-memory and on-disk settings.

6.1 Experimental Setup

All experiments are conducted on a server equipped with an Intel(R) Xeon(R) W-1290P CPU @
3.70 GHz (10 cores, 20 threads), 128 GB of memory, and 3 NVIDIA GeForce RTX 2080 Ti GPUs. The
GPUs are solely used for RL agent training and inference, while all index operations in SELIX are
executed on the CPU.

6.1.1 Datasets. We evaluate SELIX using 4 real-world datasets that are widely adopted in learned
index benchmarks [8, 9, 42]: (1) FB [42], which contains Facebook user IDs. (2) OSM [42], which
comprises 64-bit unsigned integer keys uniformly sampled from OpenStreetMap location data.
(3) BOOKS [42], which consists of Amazon book popularity rankings derived from sales data. (4)
COVID [9], which contains uniformly sampled Tweet IDs tagged with ‘COVID-19’. We use OSM
by default if not otherwise specified.

6.1.2  Workloads. We initialize each index by bulk-loading 50M keys, then execute 20M operations
per workload. We define six workloads with varying read-write ratios: (1) Read-Only (RO) with
100% lookups, (2) Read-Heavy (RH) with 80%/20%, (3) Balanced (BL) with 50%/50%, (4) Write-
Heavy (WH) with 20%/80%, and (5) Write-Only (WO) with 100% inserts. (6) Scan workload
performs 20M range queries, each retrieving 100-500 consecutive keys. Following prior work [9, 43,
44], lookup and scan keys are drawn from a Zipfian distribution (skew = 0.99) to simulate hotspot
access, while inserted keys are shuffled.

6.1.3 Training Setup. Before executing the workloads, SELIX was pre-trained following the meta-
training paradigm described in Section 4.3, taking approximately 1.5 hours (1000 steps). The training
tasks cover workloads with varying read-write ratios.

6.1.4 Baselines. We evaluate SELIX against state-of-the-art learned indexes under both on-disk and
in-memory settings for mixed read-write workloads. In the on-disk setting, we compare with ALEX
[4], LIPP [1], FITing-Tree [18], and PGM [2] using their disk-based implementations from [45]. As
FITing-Tree and PGM lack multi-threaded support, all on-disk experiments run single-threaded. In
the in-memory setting, we compare against ALEX+ and LIPP+, the concurrent variants of ALEX
and LIPP provided by [9], as well as XIndex [46], FINEdex [47], STX B*-Tree [45], Bw-Tree [48],
and GENE [26]. Regarding Bw-Tree, we adopt the open-source implementation from [49]. All
compared indexes adopt optimistic lock coupling (OLC) for concurrency control to ensure fair
comparisons. Please note that SELIX performs structural modifications (SMOs) in all workloads
with write operations, and the associated cost is reflected in the reported throughput.
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Fig. 5. Throughput under varying mixed workloads in the on-disk setting.
6.2 Overall Performance

6.2.1 Performance comparisons under the on-disk setting. We first evaluate the performance of
different indexes under various workloads in the on-disk setting, and the results are presented in
Figure 5. Under RO workloads, SELIX outperforms the best-performing baseline by up to 1.64x
on the OSM dataset. Under RH workloads, the improvement over FITing-Tree reaches 1.23X on
the OSM dataset. Under BL and WH workloads, SELIX surpasses B*-Tree by up to 1.31x and 1.46x
on the BOOKS dataset, respectively. Under WO workloads, SELIX achieves up to 1.21x higher
throughput than PGM-index on the BOOKS dataset. As the write ratio increases from RO to WO,
ALEX’s throughput on the OSM dataset drops to 11.2% of its RO performance, and LIPP on the
COVID dataset drops to 22.2%, while SELIX retains 64.9% of its RO throughput. This is because
SELIX’s adaptive structure generation mechanism configures appropriate gap ratios for leaf nodes
based on workload characteristics. Under write-intensive workloads, it reserves more insertion
space to reduce key conflicts and structural reorganization overhead, thereby maintaining read
performance while improving write throughput.

6.2.2  Performance comparisons under the in-memory setting. To demonstrate the generality of
the SELIX, we further extend our evaluation to the in-memory setting. In this experiment, we
compare SELIX against concurrent versions of learned indexes, including B*-Tree, Bw-Tree, ALEX+,
LIPP+, XIndex, and FINEdex. Since FITing-Tree and PGM-index do not provide multi-threaded
implementations, they are excluded from this comparison. All indexes are evaluated using 32
threads. As shown in Figure 6, SELIX consistently achieves the highest throughput across all
workloads and datasets. On average, SELIX outperforms B*-Tree, Bw-Tree, ALEX+, LIPP+, XIndex,
and FINEdex by factors of 1.32X%, 1.65X, 3.47X, 1.79%, 2.01%, and 3.46X, respectively. Under the
write-only workload, SELIX achieves up to 1.42X improvement over the second-best baseline across
all datasets.

6.2.3  Performance comparisons under varying scan workloads. We evaluate the range query per-
formance of SELIX under both on-disk and in-memory settings, with scan ranges varying from
100 to 500 consecutive keys. Since LIPP+ does not support range scans [9], it is excluded from the
in-memory experiments. As shown in Figure 7, a range scan first performs a lookup to locate the
start key, then scans forward until reaching the end key, so lookup performance directly affects
scan performance. As the scan range grows, the throughput of all indexes decreases due to the
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Fig. 7. Throughput under varying scan workloads.

increasing number of data nodes accessed, yet SELIX remains the best-performing method. Even at
the largest scan size of 500, SELIX achieves 1.64x the throughput of ALEX in memory and 1.23x
that of B-tree on disk, owing to its compact data node layout that packs keys densely within nodes
and reduces node traversals during forward scans. In the on-disk setting, LIPP exhibits the lowest
throughput, as it uses a single node type that resolves key collisions by inserting child nodes at the
conflicting position. This forces forward scans to repeatedly descend into child nodes and return to
the parent before continuing, turning sequential scans into frequent random I/O across levels.

6.2.4  Performance comparisons under varying thread counts. We evaluate the scalability of different
learned indexes on the OSM dataset. As shown in Figure 8d, SELIX achieves the best scalability
among all baselines, delivering up to 1.94X higher throughput than the second-best method. The
improvement stems from SELIX’s training that produces indexes adaptive to mixed operations
in workloads at the fine-grained node level. Further, we observe that LIPP+ attains the highest
throughput under read-only workloads, yet fails to maintain the same scalability as other baselines
under write-heavy workloads. This limitation arises from its structural design, where each node
maintains update statistics and confines updates to leaf nodes. Consequently, every insertion
operation must update node-level statistics along its path, causing contention and cacheline ping-
pong effects, particularly near the root. In contrast, SELIX eliminates such constraints by enabling
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localized structure adaptation, thereby maintaining superior scalability across both read-heavy and
write-heavy workloads.

6.2.5 Performance under dynamic workloads. We evaluate the robustness of SELIX under dynamic
workloads. The workload proceeds through three sequential phases: a write-heavy phase, a read-
heavy phase, and a balanced phase, consisting of 50M, 100M, and 50M operations, respectively. As
shown in Figure 9a and Figure 10a, SELIX maintains the highest and most stable throughput across
all three phases under both settings. In the write-heavy phase, ALEX suffers sharp throughput
drops due to frequent node splitting and merging, while SELIX maintains stable performance by
selecting a lower fill rate that reserves sufficient gap space for insertions. In the on-disk setting,
PGM experiences a pronounced performance drop during the read-heavy phase, as its LSM-inspired
design accumulates multiple static segments during the preceding write-heavy phase, increasing
lookup I/O overhead. These results demonstrate that SELIX’s RL-driven adaptation mechanism can
effectively determine both the structural configuration and the timing of adjustments, avoiding
excessive rebuilding and achieving robust performance under workload shifts.

We evaluate the robustness of SELIX under fast-changing dynamic workloads. We employ a
dynamic workload consisting of 100 phases, each containing 2M operations with read/write ratios
uniformly sampled from [0, 1]. As shown in Figure 10, the throughput of all indexes fluctuates
significantly with the workload drift. Although SELIX occasionally exhibits lower performance than
other indexes at certain moments, it recovers quickly after adjustment without performance collapse.
This robustness benefits from the SELIX’s RL-driven structural optimization, which minimizes
adjustment overhead under rapid workload drift.

We control the workload switching frequency by varying the number of phases while keeping
the total number of operations constant at 200M. More phases result in shorter per-phase duration
and more frequent workload transitions, imposing higher demands on the index’s adaptation
capability. From Figure 9c and Figure 10c, we observe that as the switching frequency increases,
the throughput of all indexes degrades due to more frequent workload transitions. Even in the
most extreme case with 300 phases, SELIX still achieves 1.33x higher throughput than ALEX+ in
memory and 1.27X higher than FITing-Tree on disk.
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Fig. 10. Performance comparison under dynamic workloads (On-Disk).
6.3 Micro Benchmarks

6.3.1 Comparison with State-of-the-art Tuning Approach. We further compare SELIX with LITune,
an existing RL-based learned index tuning framework [14]. To ensure fairness, both methods
start from a common index structure and perform online fine-tuning on a balanced workload. As
shown in Figure 11a, we report the throughput-based performance improvement at each tuning
episode, which accounts for both operation efficiency and reorganization overhead. The results
show that both methods discover optimized configurations within a small number of tuning steps,
but SELIX achieves a greater improvement. This advantage is primarily because SELIX adopts a fine-
grained local adjustment strategy, where each action targets a selected sub-node, enabling targeted
optimizations. In contrast, LITune performs global-level tuning, identifying optimal configurations
only at the overall index level. This coarse-grained approach may overlook potential optimization
opportunities within local structures. Moreover, SELIX employs an on-policy RL algorithm that
continuously refines its strategy based on recent interactions, enabling more stable convergence
and higher adaptability during dynamic optimization.

6.3.2  Comparison with General Index Frameworks. We compare SELIX with GENE [26], a state-of-
the-art general-purpose index framework. As GENE is optimized for read operations, we evaluate
point queries, range queries, and mixed queries. The mixed workload follows GENE’s 80/20 query
ratio over a three-segment key domain (0-10%, 10-85%, 85-100%), with point lookups in the
left/right segments and mixed point-range queries in the middle. All methods bulk-load 100M keys
and execute 10M operations per workload. As shown in Figure 11b, while GENE selects traditional
index structures based on workloads, SELIX consistently generates learned index structures and
outperforms GENE across all workloads. For point queries, GENE generates a hash index, while
SELIX achieves 1.25x speedup. For range queries, GENE generates a pure B*-tree since hash does not
support range scans, while SELIX achieves 1.43x speedup. For mixed workloads, GENE generates a
hybrid structure combining B*-tree and hash index, while SELIX achieves 1.27X speedup.

6.3.3 SELIX Design Space. We build each learned index by bulk-loading 50 million keys from
the OSM dataset and measuring both construction time and storage overhead under on-disk and
in-memory settings. Based on the constructed indexes, we further execute read-only workloads
containing 20 million queries to assess their performance. As shown in Figure 12, the horizontal
axes represent the construction time and storage overhead of each index, while the vertical axis
indicates the query throughput under the evaluated workloads. From the perspective of Pareto
optimality, the relationship among construction time, storage overhead, and throughput forms
a classical multi-objective trade-off surface. SELIX approaches the frontier by maintaining high
throughput with moderate construction time and compact index size. This demonstrates that SELIX
effectively navigates on a superior tradeoff on index performance and cost in both in-memory and
on-disk settings, while we prioritize achieving high throughput here.
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6.3.4 In-depth Analysis of SELIX Design. We analyze access statistics on the OSM dataset under
the balanced workload. Table 3 compares node count per query, prediction error, and insertion
conflict count. SELIX achieves the fewest node accesses under both settings (2.14 on disk and 2.5 in
memory) and the lowest prediction error (27 on disk and 19 in memory). Notably, SELIX exhibits
fewer node accesses but higher prediction error on disk, while the opposite holds in memory,
because disk I/O latency drives SELIX to favor larger nodes and lower depth, whereas in-memory
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Table 3. Fine-grained statistics under the balanced workload.

Metric ‘ On-Disk Setting ‘ In-Memory Setting

‘ ALEX LIPP FITing-Tree PGM SELIX ‘ ALEX+ LIPP+ SELIX
Node Count 3 2.4 3.23 4.30 2.14 3.4 2.7 2.5
Prediction Error 48 N/A 32 67 27 73 N/A 19
Conflict Count (K) | 76.95 163.63 N/A N/A 69 81.62 152.01 57

Table 4. SELIX-generated structures on OSM.

Setting H Fill #Models #Data L1 (M/D) L2 (M/D)  AvgKeys

Balanced 5 3543% 6,721 82,650 4,451/36,787 2,176 /38,470  604.96
Read-Only 3 60% 4,215 63,958 3,133/34,767 1,046 /25,845  799.95

cache efficiency shifts optimization toward reducing prediction error. This demonstrates that SELIX
can autonomously adapt to different storage environments. For insertions, SELIX incurs the fewest
conflicts (69K on disk and 57K in memory), significantly lower than LIPP (163.63K) and LIPP+
(152.01K), due to its learned gap space allocation that reduces structural reorganizations.

6.3.5 Analysis of Structural Adjustments. We further analyze structure modification operations
(SMOs) during execution. We evaluate on the OSM dataset under four workloads (RH, BL, WH,
and WO) on disk, and exclude RO since read-only workloads do not trigger SMOs. As shown in
Figure 11d, SELIX achieves the lowest SMO frequency across all workloads, with 851, 14,891, 26,401,
and 35,112 SMOs respectively. This is because SELIX uses agent to find optimal node configurations
that match the current workload, reducing slot collisions and minimizing reorganization overhead.
In contrast, LIPP triggers an SMO upon every slot collision, resulting in the highest frequency.

6.3.6  Memory Overhead of State Collector. The state collector maintains lightweight per-node
metadata for ranking purposes. For each node, the collector tracks statistics as described in Section
4.2.2, requiring approximately 189 bytes per node in our implementation. Figure 11e reports the
memory usage of the state collector under different data sizes. As the system runs continuously
and the index grows from 50M to 300M keys, the number of nodes increases from 167K to 362K,
and the memory usage grows from 31MB to 58MB, accounting for less than 3% of the total index
memory consumption. These results demonstrate that the state collector introduces acceptable
overhead.

6.3.7 Analysis of Adaptation Triggers. We study the impact of different metrics that trigger the
adaptation process. We compare SELIX’s default throughput-based trigger with two variants: SELIX-
, which uses a fixed policy without online adaptation, and SELIX (D), which triggers adaptation
upon detecting workload distribution drift. We conduct evaluations under both the default stress-
testing condition and a low-load scenario, simulated by reducing the operation arrival rate. For
both scenarios, we drift the workloads from balanced to write-heavy. As shown in Figure 11c, under
the default setting, SELIX achieves 1.13x higher throughput than SELIX (D). The throughput-based
trigger only responds when performance actually degrades, making adjustments more targeted. In
contrast, the distribution-based trigger may trigger adjustments prematurely and incurs additional
monitoring overhead. Under the low-load scenario, however, SELIX (D) achieves 1.27X higher
throughput than SELIX, since the distribution-based trigger more accurately captures performance
degradation when throughput remains stable due to low system pressure. Both SELIX and SELIX
(D) outperform SELIX-, achieving 2.42x and 2.25X throughput, respectively. Based on these results,
we adopt throughput as the default trigger for stress tests. For low-load scenarios, we recommend
switching to the distribution-based trigger.
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Fig. 13. End-to-end evaluation of SELIX on PostgreSQL.

6.3.8 Case Study. We use the OSM dataset to illustrate how SELIX generates index structures
tailored to specific workloads in memory, with detailed parameters in Table 4. For the read-only
workload, SELIX generates a structure with a height of 3, containing 4,215 model nodes and 63,958
data nodes, with a fill rate of 60% and an average of 799.95 keys per data node. The majority of
data nodes use a gapped array layout with exponential search, averaging 1.54 iterations per lookup.
For the balanced workload, SELIX generates a structure with a height of 5, containing 6,721 model
nodes and 82,650 data nodes, with a fill rate of 35.43% and an average of 604.96 keys per data node.
In terms of data node distribution, under the read-only workload, SELIX concentrates 55.6% of
nodes at L1, compared to 46.1% under the balanced workload, forming a shallower structure that
minimizes traversal depth and optimizes lookup efficiency. In terms of fill rate, SELIX uses a higher
fill rate under the read-only workload (60% vs. 35.43%), resulting in more keys per node (799.95
vs. 604.96) and thus a lower tree height. In contrast, under the balanced workload, SELIX reserves
more gaps within data nodes to accommodate future insertions, trading lookup efficiency for write
flexibility. These differences demonstrate SELIX’s ability to adapt index structures to workload
characteristics.

6.4 End-to-end Performance of SELIX

We integrate SELIX into PostgreSQL and conduct an end-to-end performance comparison against
the native B*-tree index. We use the OSM dataset, bulk-loading 50M rows into a table with schema
(id INT, val BIGINT) and building indexes on the val column. We evaluate five representative
workloads as defined in Section 6.1.2, with 1M transactions (each with one operation) executed
per workload. To eliminate the impact of concurrency and ensure index usage, we disable parallel
execution and sequential scans in PostgreSQL. As shown in Figure 13a, SELIX outperforms B*-tree
across all workloads, achieving 1.45X and 1.28X throughput for read-only and read-heavy workloads,
and 1.24X%, 1.06%, and 1.04X for balanced, write-heavy, and write-only workloads, respectively.
In addition, we observe a smaller performance gap compared to Figure 5, where only the index
component is evaluated. This is due to the fact that end-to-end query execution in a DBMS involves
additional overheads, such as query planning and tuple access, that diminish the overall speedup.
To confirm this, we perform a time breakdown analysis in Figure 13b. As observed, although total
query latency includes multiple stages, SELIX reduces index access time. These results demonstrate
the applicability of SELIX in real DBMSs.

Maintenance Overhead. We evaluate maintenance overhead under varying write pressures in
PostgreSQL using the C3 suite (Update Workloads) from benchmark tool [50, 51]. We compare
SELIX against B*-Tree under moderate (BL, 50% writes) and high (WO, 100% writes) write intensities
on a table with 50M rows. The overhead is defined as the ratio of indexed execution time to no-index
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execution time. As shown in Figure 13c, under low write pressure, B*-Tree and SELIX incur 3.5 and
1.3x overhead respectively. Under high write pressure, B*-Tree’s maintenance overhead increases
sharply to 7.6%, while SELIX maintains only 5.2X overhead due to its lightweight maintenance
mechanism. These results demonstrate that SELIX consistently incurs lower maintenance overhead
across different write intensities.

7 Conclusion

This paper presented SELIX, a self-designing learned index that autonomously generates and
optimizes its structure in response to dynamic workloads. We introduced a unified index template
that enables flexible composition of node layouts, partitioning strategies, and search methods for
fine-grained structural design. To achieve efficient structural adaptation, we formulated index
optimization as a learnable function and trained it through a meta-enhanced DRL framework
with an online update strategy for fast and stable adaptation under workload drift. Extensive
experimental results demonstrate that SELIX outperforms state-of-the-art in-memory and on-disk
learned indexes in both throughput and robustness.
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